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IJME Celebrates 15 Years of Service with this
Special Anniversary Issue
We are pleased to present to you, our readers, this special
anniversary issue, in celebration of our first 15 years of service. IJME has come a long way since its days as an onlineonly journal in the spring of 2000, and has become one of
the most respected and well-known engineering journals in
academia. We hope that you enjoy reading and learning
from our articles as much as I do as editor. Throughout the
years, the diversity of authors springs from our dedication to
personal service and support, and word-of-mouth advertising by you, our loyal authors and readers. I would also like
to thank all of the members of our International Advisory
Board for their service in the review of the great works that
we publish every year.
For our upcoming 2016 IAJC conference, I would like to
invite you to join us in Orlando, Florida. For this fifth IAJC
conference, we will be partnering again with the International Society of Agile Manufacturing
(ISAM). This event will be held at the new
Embassy Suites hotel, November 6-8,
2016, and is sponsored by IAJC, IEEE,
ASEE, and the LEAN Institute. The IAJC/
ISAM Executive Board is pleased to invite
faculty, students, researchers, engineers,
and practitioners to present their latest accomplishments and innovations in all areas
of engineering, engineering technology,
math, science, and related technologies.
Selected papers from the conference will
be published in the three IAJC-owned journals. Oftentimes, these papers, along with
manuscripts submitted at-large, are reviewed and published in less than half the
time of other journals. Publishing guidelines are available at www.iajc.org, where
you can read any of our previously published journal issues, as well as obtain information on chapters, membership, and
benefits.
I am pleased to report that, based on the
most recent impact factor (IF) calculations
(Google Scholar method), the International
Journal of Modern Engineering (IJME) has
a remarkable IF = 3.0 and continues its

EDITOR'S NOTE
Philip Weinsier, IJME Manuscript Editor

march toward the top 20 engineering journals. IJME’s sister
journal, the International Journal of Engineering Research
and Innovation (IJERI) also has a strong IF = 1.58, which is
noteworthy, as it is a relatively young journal (in publication since 2009). Any IF above 1.0 is considered high,
based on the requirements of many top universities, and
places the journals among an elite group.
Currently, there is no official ranking system for journals that publish engineeringrelated topics the way that IJME and IJERI
do, but both IJME and IJERI are indexed
in most well-known indexing databases
including DOAJ, which is the most prestigious and comprehensive database for openaccess journals worldwide. Both journals
are also indexed in the libraries of all 10
campuses of the University of California
system, the 23 campuses of the California
State University system, and all of the top
10 universities in the world:
#1
#2
#3
#4
#5
#6
#7
#8
#9
#10

California Institute of Technology
Harvard
Stanford
University of Oxford
Princeton University
University of Cambridge
Massachusetts Institute
of Technology
Imperial College London
University of Chicago
University of California, Berkeley
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ANALYSIS OF PAST STORM EVENTS AND THEIR
CONTRIBUTION TO FLOODING IN THE CLARK
COUNTY WETLANDS PARK
——————————————————————————————————————————————–———–
Anil Acharya, Alabama A&M University; Thomas C. Piechota, University of Nevada, Las Vegas

Abstract
In this study, the authors analyzed historical rainfall patterns and their impact on runoff generation from three major
watersheds—Duck Creek (DC), Pittman Wash (PM) and C1
Channel (C1)—that contributed to flooding in the Clark
County Wetlands Park in the Las Vegas Valley. This datadriven analysis assessed major changes in rainfall and runoff over time (1990-2010) and identified threshold values of
water depth for a significant occurrence of flooding. The
higher variation in rainfall signified the general nature of
rainfall in Las Vegas. DC possesses a higher percentage of
events (>50 mm) lasting more than 12 hours, compared to
C1 and PM. Ninety percent of total storm events have rainfall depths of 18 mm or less (11 to 14 mm/hr.). The median
water depths for DC, PM, and C1 during the 18 mm rain
event were 0.48, 0.24, and 0.24 m, respectively. During low
flows, the runoff generation for C1, DC, and PM occurred at
water depths of 0.06, 0.075, and 0.04 m, respectively, for 2,
4, and 1 mm of total rainfall. A higher percentage of storm
events was observed in the lower water depths, which do
not produce significant runoff. This analysis can be utilized
by planning agencies to determine the area contributing
more for floods and design flood control facilities and management measures.

Introduction
Clark County, Nevada, is considered one of the fastest
growing Counties in the U.S. Based on Clark County’s official population estimate, the population has reached almost
2.5 million—an increase of almost two and a half times
since 1990 [1]. The County is located in the arid environment of the Mojave Desert. Las Vegas is the most populous
city in the state of Nevada located at 36°11′39″N and 115°
13′19″W. Rapid population growth along with urban, commercial, and industrial development has brought about an
increase of physical infrastructures (e.g., roads, structural
drainage, concrete channels, buildings, etc.). According to
the U.S. Census Bureau, it possesses a total area of
340.06 km2 (131.3 sq. miles) with 339.8 km2 (131.2 sq.
miles) not covered with water and 0.26 km2 (0.1 sq. miles ~
0.04%) covered with water. The city is located at an elevation of around 620 m (2030 feet) above mean sea level, and

the landscape mostly features rocky and dusty terrain.
The mean annual precipitation varies from 10 to 50 cm (4
to 20 inches) between southeast Clark County and the
Spring Mountains [2]. Clark County has already experienced more than 11 floods since 1993. The July 8, 1999,
event produced over 3.8 cm (1.5 inches) of rainfall within
60-90 minutes, and several gauges had over 7.6 cm (3 inches) of rainfall in the same time period [3]. The August 19,
2003, event was limited to the northwest portion of the Las
Vegas Valley and produced over 5.1 cm (2 inches) of rainfall in a 30-90 minute time period. The total damage to
property and roadways resulting from flooding was estimated to be over $2 million [3]. Another rainfall event of January 10-14, 2005, resulted in over $20 million in damages to
property in the Mesquite area of Clark County [3].
Practically, the storm events are considered very rare in
arid regions. Las Vegas Valley has experienced major flood
events, due to heavy local thunderstorms [2]. The major
cause of flash flooding includes intense localized precipitation as a result of the prevailing convective mechanisms
over the watershed. The major, intense thunderstorms occur
during the summer months and are localized, whereas the
mild storms occur during winter months with longer duration and cover a larger area. The most damaging storms
mainly occur from July to September. The average rainfall
in the Las Vegas Valley is 11.40 cm (4.49 inches) per year
with half of the total rainfall generated by summer thunderstorms. Although rainfall events with magnitudes greater
than a tenth of an inch occur less than 10 days a year on
average in Las Vegas [4], flash floods have become a major
concern, due to their devastating damage. They are also
difficult to predict, due to lack of long-term precipitation
records.
Las Vegas Wash receives runoff from the entire Las Vegas Valley and is situated adjacent to the Clark County wetlands park. The Wash drains approximately 2351 km2 (1460
sq. miles) of Clark County starting from the North Western
portion of the valley and discharging into Lake Mead over
towards the East. The nine major watersheds (North, Gowan, Range, Central, Flamingo Tropicana, Duck Creek,
Pittman Wash, Lower, and C1) that contribute to Las Vegas
Wash are shown in Figure 1. The Wetlands Park (the poly-
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gon inside Lower and in the boundary of Pittman and C1 in
Figure 1) is an invaluable environmental resource with various walking trails and the facility is open to the public.
However, it carries a potentiality of inundation with flood
waters during significant rainfall events. This research project analyzed the historical rainfall pattern and its impact on
the generation of runoff from major watersheds that are contributing to flooding in the Clark County Wetlands Park.
The analysis was data driven and incorporated these specific
objectives: a) observe seasonal variation in rainfall patterns
based on past storm events; b) identify the threshold values
of water depths for significant occurrence of flooding; and,
c) analyze regional variation in rainfall and water depth for
major watersheds. This comprehensive study for this region
utilized long-term, real-time data from many local/regional
weather stations and the authors performed threshold value
analyses (on runoff) to gain additional insights into flood
management.

tion with the U.S. Geological Survey (USGS) and the National Weather Service (NWS). Out of the total 355 realtime meteorological sensors, almost 75 percent are present
in Las Vegas Valley, with most of them in urban areas. Only about 150 operational weather stations provided by FTRS
can inform the decision makers of flooded areas in the Las
Vegas Valley. The flood control situation has slightly improved in some watersheds, due to construction of floodcontrol facilities like detention basins. However, the valley
is under continuous development and not enough flood control facilities—such as planned/designed in MPU—are
available to control extreme flash floods. Therefore, it still
needs special concern in order to reduce losses and damage
caused by flood events similar to earlier storm events [3].
The Hydrologic Criteria and Drainage Design Manual
published by CCRFCD is used for drainage design purposes
inside Clark County. A major design storm is considered for
a storm having a return period of 100 years and a duration
of six hours. Based on the Regional Flood Control Master
Plan Update [5], the regional flood control facilities planned
by CCRFCD in most areas are considered adequate for reducing heavy losses, since the existing facilities in place
appear to be functioning as designed. However, the development of the active terrain causes a high probability of
change in runoff over the entire watershed.

Data and Methodology

Figure 1. Location of the Nine Major Watersheds, Wetlands
Park, the River Network of Lake Mead, and the Colorado
River

Clark County Regional Flood Control
District
The Clark County Regional Flood Control District
(CCRFCD), established in 1985, plays a major role in regulating the land use in flood hazard areas and developing a
comprehensive master plan to solve flood-related problems
in Clark County. The Flood Threat Recognition System
(FTRS) was implemented by CCRFCD in 1987 in coopera-

Among the nine major watersheds contributing to the Las
Vegas Wash, the watersheds considered for this study included Duck Creek (DC), Pittman Wash (PM), and C1
Channel (C1). The selection was based on the fact that their
runoff was assumed to significantly impact the Wetlands
Park. Each watershed possessed a different number of
weather stations, most of them installed by CCRFCD and
some by USGS. There are three types of weather stations
established by FTRS: full weather, precipitation, and water
level. Full weather stations collect temperature, humidity,
and wind data in addition to rainfall data. Water level stations record real-time rainfall and water level at the same
location, and as separate station IDs. Precipitation type only
collects rainfall data. The real-time sensor data (in essence,
the rainfall and water level data for each station)—in addition to details for each station regarding the type, station ID,
location and their installation date—can be obtained from
the CCRFCD FTRS website [3].
This study utilized instrument data to determine trends in
rainfall and water depth over the study period (1990-2010).
Altogether, 28 weather stations (DC: 9, PM: 11, C1: 8),
which were distributed throughout the watershed, were active in the three watersheds. The position of weather sta-
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tions and their station IDs are shown in Figure 2. A more
widely distributed pattern of rain gauges represents the watershed in a better scenario and avoids any exaggerated predictions [6]. GIS data showing the watershed boundaries,
location of gauge stations, and Wash alignments were
downloaded from the Clark County Geographic Information
System Management Office (GISMO) [7]. Only one flow
measuring station installed by the USGS was available in
C1 (represented by a star symbol in Figure 2). The rain
gauge network possessed both rainfall and water depth
measurements at almost all stations. All circular dots in Figure 2 represent available gaging stations, while filled triangular stations were considered for water depth analyses. The
polygon at the boundary of PM and C1 is the wetlands park.

Rainfall Data
For each station, the real-time rainfall data were recorded
at irregular time intervals and did not follow a fixed pattern.
The recorded data incorporated longer time intervals (8 to
12 hours) in case of no precipitation; the recorded time interval varied from seconds to minutes during a rainfall
event. The gauge data provided a continuous record of rainfall at increments of 1 mm, which was the smallest measurement of rainfall that the sensor could detect. The stations
established earlier possessed data for longer periods, continuing from 1990, while the most recent had data records
since 2000. This study included all events with cumulative
rainfall greater than 1 mm; the duration of each event (in
effect, the time between start and end of each rainfall event)
was computed for each station. The separate events mainly
represented the maximum slope for a plot of rainfall and
duration. The number of total rainfall events for each station
and the available records of rainfall data are summarized in
Table 1. A total of 990 events for C1, 937 events for DC,
and 1267 events for PM were considered for this study.
Events in Table 1 represent only the events greater than 0.20
inches (50 mm) of rainfall.

Water Level Data

Figure 2. Location of Weather Stations and USGS Streamflow
Gauge in three Major Watersheds

There is a lack of stations measuring streamflow in these
watersheds. The water level data were used to fulfill the
research objective and find the peak water surface elevation
in the Wash. The water level stations considered here for
analysis were located downstream of all rain gauge stations
for each watershed. The most downstream water level sta-

Table 1. Total Rainfall Events (above 0.04 inches/1mm) for Weather Stations and Watersheds
St. ID
From
To
Events*
Total Events

4754
3/97
5/08
66
141

4764
8/94
5/08
73
173

4779
9/02
5/08
42
65

St. ID
From
To
Events*
Total Events

4614
6/89
5/08
103
169

4619
9/01
5/08
35
46

4624
6/91
5/08
113
178

St. ID
From
To
Events*
Total Events

4704
8/89
5/08
121
205

4719
1/03
5/08
33
55

4724
6/01
5/08
44
70

C1 channel
4784
9/89
5/08
108
185
DC channel
4634
8/89
5/08
98
170
PM Wash
4729
4734
8/02
10/88
5/08
5/08
36
140
66
199

4789
6/93
5/08
89
157

4794
1/93
5/08
82
133

4799
6/00
5/08
35
58

5634
4/00
5/08
48
78

4644
3/97
5/08
54
99

4654
7/97
5/08
67
116

4674
1/02
5/08
45
70

4684
7/01
5/08
39
71

4739
8/95
5/08
68
127

4744
2/93
5/08
74
139

4749
3/00
5/08
38
83

4759
9/99
5/08
50
85

4694
11/05
05/08
5
12
4769
5/02
5/08
37
66

4774
4/92
5/08
85
172
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tions in DC and PM did not possess sufficient data; a second
water level station was also selected at an upstream part
(Figure 2) that possessed a larger number of data points to
compare to the behavioral change of the complete watershed. Station 4633 was located upstream of station 4683 and
station 4733 was located upstream of station 4748. The existing data for each water level station are summarized in
Table 2. The real-time water depth and rainfall data both
follow a similar pattern. Maximum water depth was considered for each rainfall event selected for this analysis. Only
some of the stations showing major rainfall events also had
data showing water level changes. The effect rainfall had on
increasing or decreasing the water level was analyzed for
two water level stations along the DC and PM, and only one
station along the C1 channel.

Results
Rainfall Analysis: Total Rainfall versus
Number of Occurrences
The rainfall analysis was performed by categorizing the
total events into two major seasons: December through
May—representing the events in winter—and June through
November representing the summer season. Table 3 summarizes the calculations of cumulative percentage of occurrence of total significant rainfall events with respect to total
rainfall ranging from 1 mm to more than 50 mm for several
ranges of rainfall depths for each season. The duration of

Table 2. Water Level Data Available for Selected Water Depth Stations in Each Watershed
Name of watersheds

C1 Channel

Duck Creek

Pittman Wash

Stn ID

4783

4633

4683

4733

4748

From

02/1993

07/1991

07/2001

05/1991

01/2004

To

05/2008

05/2008

05/2008

05/2008

05/2008

Table 3. Cumulative Percentage of Occurrence of Rainfall Events for a Range of Rainfall Depths
December-May
Rainfall depths
(mm)
1-5
5-12.5
12.5-25
25-37.5
37.5-50
> 50
Total events

Duck Creek

Pittman Wash

C1 Channel

No. of
events

% of
occurrence

Cum %

No. of
events

% of
occurrence

Cum %

No. of
events

% of
occurrence

Cum %

202
211
88
7
3

39.38
41.13
17.15
1.36
0.58

39.4
80.5
97.7
99.0
99.6

298
253
95
20
6

44.21
37.54
14.09
2.97
0.89

44.2
81.8
95.8
98.8
99.7

254
195
90
5
8

45.77
35.14
16.22
0.90
1.44

45.8
80.9
97.1
98.0
99.5

2

0.39

100.0

2

0.30

100.0

3

0.54

100.0

513

674

555
June-November

Rainfall depths
(mm)
1-5
5-12.5
12.5-25
25-37.5

No. of
events
170
157
63
22

Duck Creek
% of
occurrence
40.67
37.56
15.07
5.26

37.5-50

3

> 50

3

Total events

418

Pittman Wash
% of
occurrence
40.98
37.61
15.68
4.22

40.7
78.2
93.3
98.6

No. of
events
243
223
93
25

0.72

99.3

9

1.52

0.72

100.0

0

0.00

Cum %

593

41.0
78.6
94.3
98.5

No. of
events
193
159
60
19

C1 Channel
% of
occurrence
44.37
36.55
13.79
4.37

100.0

2

0.46

99.5

2

0.46

100.0

Cum %

Cum %
44.4
80.9
94.7
99.1

435
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rainfall considered varied from a few minutes up to 24
hours. Based on seasonal calculations, more than 90 percent
of total events were concentrated in the range of 25 mm of
rainfall, and less than 1 percent of events with rainfall more
than 50 mm. DC possessed a comparatively higher percentage of rainfall events above 50 mm. The rainfall events
within 37.5 mm of rainfall for all three watersheds were
slightly higher for the winter season, and almost equal
among the three above that range. There was a high number
of small rainfall events and a low number of larger storms
observed. This indicated that the smaller events were more
frequent with small return periods, whereas larger storms
possessed larger return periods and occurred less frequently;
a higher percentage of storm events were concentrated in
the region, which did not produce any significant changes in
water depth.
The resulting rainfall depth corresponding to 90 percent
cumulative probability of occurrence was considered a design storm for management of storm water quality best management practices (BMPs). This type of storm possesses
rainfall depths less than 1.25 inches (31.75 mm) and a recurrence interval of three to four months [8]. As mentioned
earlier, more than 90 percent of rainfall events occurred
within the depth range of 25 mm for all watersheds and for
both seasons. The normalized distribution of the total number of events showed that about 90 percent of the total cumulative events were 18 mm or less (see Figure 3). For this
case, the rainfall intensity ranged from 11 to 14 mm/hr with
higher values for PM and lower for DC. Therefore, this
depth could be utilized to determine water quality volume
(WQV) for all watersheds for each season. The heavier
storms create larger runoff, which makes storm water quality sampling very difficult. Also, due to the very infrequent
nature of these storms, most of the storm water quality sampling was done for smaller storm events that were regular
and reliable. Since this was the case, the minimum rainfall
depth that could possibly produce surface runoff was more
important in this respect.

the result of the storm passing to other rain gauge stations
after a certain lag time in the watershed. For rainfall durations more than two hours, the number of events was higher
during the period of December-May. The number of events
showed a decrease between the intervals of 2 to 12 hours
after which they increased slightly for events greater than 12
hours in duration. A similar pattern was observed for all
watersheds and for both seasons. Almost 12 percent of the
events occurred beyond 12 hours in the wet season and 4-8
percent in dry season. C1 and DC had almost equal numbers
of events in the interval of 2 to 8 hours, whereas DC showed
comparatively higher events for durations of more than
eight hours. Most of the rainfall events occurring for a longer duration and with higher intensities could become a major storm event. Thus, for rainfall of higher intensity, C1
and DC (in particular, DC with a dominating effect) could
have higher effects on flooding when compared to PM
Wash.

(a) Rainfall (mm)

Total Rainfall Duration versus Number of
Occurrences
Figure 4 shows the percentage of occurrence for all events
with respect to total rainfall duration for both seasons. The
event duration is categorized in terms of two hours or less,
up to 15 hours or more of rainfall. The percentage of occurrence of rainfall events below two hours was almost double
for June-November in compared to December-May, which
might be due to the general nature of occurrence of rainfall
in Las Vegas. In general, the summer rain events were assumed to last up to six hours, while the winter events extended up to 24 hours. The higher occurrences might also be

(b) Rainfall Intensity (mm/hr)
Figure 3. Normalized Distribution of Cumulative Number of
Rainfall Events versus Rainfall and Rainfall Intensity
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Total duration (hrs.)

25
20
15
10
5
0

.5
.5
25
50
5-12 12.5- 25-37 37.5-

Figure 4. Total Rainfall Duration versus Percentage of
Occurrence of Total Events for DC, PM, and C1

Total rainfall (mm)

Total Rainfall versus Total Duration

(a) Duck Creek (DC)

As noted earlier, the contribution of smaller events was
higher in both seasons for all watersheds. The rainfall duration was higher where DC was within a range of 50 mm of
rainfall. However, the higher interquartile range for DC
showed a larger variation in the observed data when compared with PM and C1. The events above 25 mm of rainfall
showed almost equal duration for DC and C1. The higher
intensity events occurring for a longer duration resulted in
higher runoff. This implied that the runoff produced was
higher for DC and C1 than it was for PM. The comparatively higher number of events observed in PM between 37.5
mm and 50 mm might be due to the fact that there were
simply larger numbers of major storm events occurring in
the watershed. For PM, the lack of observations of more
than 50 mm of rainfall indicated very few events occurring
with more than 50 mm of rainfall depth.

Total duration (hrs.)

25
20
15
10
5
0

.5
.5
25
50
5-12 12.5- 25-37 37.5-

>50

Total rainfall (mm)
(b) Pittman Wash (PM)

25

Total duration (hrs)

The box plots in Figure 5 relate the range of rainfall
depths with total rainfall duration for each watershed. Box
plots show the means (indicated by dashed lines in the box),
for first quartile (x.25), median (x.50), third quartile (x.75), and
interquartile (IQR, x.75 − x.25) ranges. Any data observation
which lay more than 1.5 times IQR lower than the first
quartile, or 1.5 times IQR higher than the third quartile, was
considered an outlier [9]. The outlier indicated the point to
be of some different value than the remaining set, faulty
data, or erroneous procedure. Also, the median value represented the data better than the mean during higher data variation. The median value showed an increase in rainfall duration with respect to increase in rainfall depth up to 50 mm
of rainfall for all watersheds. The outliers within the range
of 5 mm to 25 mm of rainfall showed larger variation in the
total rainfall duration. The longer duration events (acting as
outliers) resulting in a low total rainfall depth implied that
the intensity of these events was very low and, thus, represented winter storms.

>50

20
15
10
5
0

2.5 .5-25 -37.5 .5-50
12
25
37

5-1

>50

Total rainfall (mm)
(c) C1 Channel
Figure 5. Box Plots of Total Rainfall versus Total Duration
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The box plots in Figure 6 (a-f) showed the seasonal variation in total rainfall with total duration for DC, PM, and C1.
The median duration for storm events during the winter
period was approximately the same for C1 and DC, which
implied that there was an equal contribution of higher runoff
from both watersheds. A larger variation in the event duration for higher rainfalls in DC and C1 might be due to different nature and intensity of storms occurring in summer
and winter periods. The difference between the mean and
median values for a range of rainfall depths in Figure 6 also
shows the higher variation in rainfall duration. The median
duration was found to be considerably higher for winter
periods than summer periods for the same range of rainfall
in each watershed. Very few observations were seen in the
higher range of rainfall (>37.5 mm) during summer months;
these were associated with very short duration events (3 to 8
hours). This implies that summer storms are typically local
thunderstorms and heavy rainfall lasting for shorter periods,
whereas the winter rainfall lasts for longer periods.

15
10
5

20
15
10
5
0

>50

2.5
7.5
-25
-50
5-1 12.5 25-3 37.5

Total rainfall (mm)

20
15
10

0
2.5
7.5
-25
-50
5-1 12.5 25-3 37.5

>50

5-1

5

20
15
10
5
0

2.5 -25 7.5 -50
5-1 12.5 25-3 37.5

>50

Total rainfall (mm)

(d) June-November (DC)

25

Total duration (hrs)

Total duration (hrs)

10

>50

(c) December-May (C1)

25

15

2.5 .5-25 -37.5 .5-50
12
25
37

Total rainfall (mm)

(b) December-May (PM)

25
20

5

Total rainfall (mm)

(a) December-May (DC)

Total duration (hrs)

25

Total duration (hrs)

Total dutarion (hrs)

Total duration (hrs)

20

0

The box plots shown in Figures 7-9 display the change in
water depth with respect to total rainfall depth. Similar to
rainfall analysis, the observed rainfall in the range of 5 mm
to more than 50 mm were categorized into five classes: 512.5, 12.5-25, 25-37.5, 37.5-50, and >50 mm. The rainfall
events below 5 mm were not considered in this analysis as
they were assumed to play a very small role in runoff generation. The calculation was based on total rainfall events
throughout the year. A higher number of outliers was observed in DC (see Figure 7), due to a larger variation in the
observed storm events; these outliers may also represent
major storm events that occurred in the watershed. The water depth was higher for station 4683, as compared to station
4633, for all ranges of rainfall; this was mainly due to the
location of stations in the watershed. Station 4683 was lo-

25

25

0

Water Level Analysis: Total Rainfall
versus Total Water Depth

2.5 -25 7.5 -50
5-1 12.5 25-3 37.5

Total rainfall (mm)

(e) June-November (PM)

20
15
10
5
0

2.5 -25 7.5 -50
5-1 12.5 25-3 37.5

>50

Total rainfall (mm)

(f) June-November (C1)

Figure 6. Seasonal Variation in Total Rainfall versus Total Duration for DC, PM, and C1

——————————————————————————————————————————————————–
ANALYSIS OF PAST STORM EVENTS AND THEIR CONTRIBUTION TO FLOODING IN THE CLARK COUNTY WETLANDS PARK 11

——————————————————————————————————————————————–————
cated far downstream, while station 4633 was further upstream, as shown in Figure 2. Thus, the higher catchment
area was contributing more flow at station 4683 than station
4633, thus increasing water level for the same range of rainfall.

Total water depth (m)

1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0

2.5 .5-25 -37.5 .5-50
12
25
37

5-1

>50

to DC. Station 4748, located downstream, displayed a higher water depth (both mean and median) as compared to station 4733 located upstream over the same range of rainfall.
The additional catchment area was contributing flow towards station 4748, causing an increase in water depth. As
in DC, very few water level data were present for more than
50 mm of rainfall. The median water depth in PM was lower than DC for the same range of rainfall; this implied that
the runoff of PM was comparatively lower than DC. A higher variation in water level was observed for C1 (see Figure
9). The median water depth was lower than DC and almost
similar to PM up to 37.5 mm of rainfall. For higher rainfall,
the water depths in C1 were similar to DC, but more than
PM. This leads one to believe that the storm runoff in C1
was similar to PM but smaller than DC for a rainfall less
than 37.5 mm; however, some storm events showed similarities between DC and C1 in events greater than 37.5 mm.

Total rainfall (mm)

1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0

Total water depth (m)

Total water depth (m)

(a) Station ID 4683

1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0

2.5 .5-25 -37.5 .5-50
12
25
37

5-1

>50

Total rainfall (mm)
7.5 -50
2.5 -25
5-1 12.5 25-3 37.5

(a) Station ID 4748

>50

(b) Station ID 4683
Figure 7. Total Rainfall versus Total Water Depth for Water
Level Stations in DC

The water depth rainfall plot shows a linear increase of
rainfall up to a range of 25.0-37.5 mm, which then increased
drastically for intervals greater than 37.5 mm at station
4633. This also indicated the occurrence of higher storm
events in the watershed. For station 4683, a similar water
depth of more than 37.5 mm of rainfall also demonstrated a
lack of available water level data in that range of rainfall.
Both stations followed a similar pattern of increasing water
depth with increasing total rainfall. Thus, the observed higher water depth produced a higher runoff when the rainfall
event was greater than 37.5 mm in the DC watershed. The
nature of PM shown in Figure 8 followed a pattern similar

Total water depth (m)

Total rainfall (mm)
1.6
1.4
1.2
1.0
0.8
0.6
0.4
0.2
0.0

2.5 .5-25 -37.5 .5-50
12
25
37

5-1

> 50

Total rainfall (mm)
(b) Station ID 4748
Figure 8. Total Rainfall versus Total Water Depth for Water
Level Stations in PM
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max 93.599). The higher the WCN, the higher the percentage of impervious surface and the higher the quantity of
surface runoff. Therefore, it can be expected that DC and
PM generate comparatively higher runoff in a short period
of time for the same rainfall event occurring over all three
watersheds.

Total water depth (m)

1.6
1.4
1.2
1.0
0.8

Water Depths for High and Low Rainfalls

0.6
0.4
0.2
0.0

2.5 .5-25 -37.5 .5-50
12
25
37

5-1

>50

Total rainfall (mm)
Figure 9. Total Rainfall versus Total Water Depth for Water
Level Station ID 4783 in C1

The higher water depth observed as outliers for low rainfall
suggested an additional effect of rainfall upstream in the
watershed. The increase in velocity, runoff volume, and the
time of concentration increased peak discharge flow rates
and decreased mean lag time. In short, this generated sudden floods occurring for a very short duration [10]. Low
rainfall coupled with a high flow depth observed at a single
station might have been surcharged by an event coming
from upstream in the basin. This phenomenon included the
rare flood events that greatly increase the peak discharge
and water levels in arid watersheds, as discussed by Caraco
[4].
The difference in land use between these three watersheds
also played a significant role in the contribution of runoff.
Urbanization increases storm water runoff generation as
well as peak flow, while decreasing base flow from subsurface water [11]. Based on land use, DC is highly urbanized—possessing various residential and commercial districts. Most of the area of PM consists of special districts,
which are defined as the broad range of developments to
serve citizens and that include recreational vehicle parks,
public facilities, general highway frontage, urban village,
limited resorts and apartments, and open spaces [12]. Only a
very small area was developed for commercial and residential uses. C1 possessed fewer catchment areas than other
watersheds and had no commercial districts. Half of the C1
basin was covered by special districts and the other half by
rural open land and residential districts.
Although the direct calculations of Curve Number (CN)
are not shown here, the average weighted curve number
(WCN) for each of these watersheds was calculated as
84.373 for DC (min 57.610; max 95.690), 86.219 for PM
(min 66.959; max 95.959), and 79.100 for C1 (min 0.000;

As previously mentioned, 90 percent of rainfall events
were found to be less than 18 mm for all three watersheds.
The runoff depth and storm durations were highly variable
between storm events. Thus, similar to rainfall analyses, the
median depth could be considered significant from a design
point of view. As shown in earlier box plots, for 18 mm of
rainfall, the median water depth corresponded to an approximate value of 0.24 m, 0.48 m, and 0.24 m for C1, DC, and
PM, respectively. This depth represents the higher threshold
value of runoff depth that needs to be considered during the
design of drainage channels. The storm events occurring in
each watershed with water depths greater than the depths
indicated above correspond to storm events that may cause
devastating damages.
The nature of surface runoff is small at the beginning of
the storm event. As it surpasses the initial abstraction, the
total rainfall exceeds the total losses that cause an increase
in the runoff. This can be considered the lower threshold
value of rainfall for runoff generation. The threshold value
is usually a little bit higher than the mean rate of rainfall
occurring in a particular area [13]. Knowledge of threshold
value of runoff for low flows is also important during dry
seasons with very low rainfall. The threshold values for low
flows can be determined at a point where there is a sudden
change in water depth from previous rainfall events; this
point indicates the starting point of runoff generation in the
watershed.
A step change analysis was performed using TREND
software [14] to find the threshold value of rainfall for low
flows. The rank sum test and student t-test were also applied
during the step change analysis of rainfall and water depth
to test the statistical significance of observed rainfall for low
water depths. From the test, the threshold values of low
rainfall events for C1, DC, and PM were found to be 2 mm,
4 mm, and 1 mm, respectively. Figure 10 shows the plot of
water depth for lower threshold values of rainfall for each
watershed. The corresponding water depth for low rainfall
after which the runoff might start were found to be 0.06 m,
0.08 m, and 0.04 m for C1, DC, and PM, respectively. The
test data showed a statistically significant increasing step at
the 99-percent significance level for the rank-sum test and
the 95-percent significance level from the student t-test.
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Water depth for low flows
0.35
0.30

influence on increasing water depth, as compared with other
rain gauge stations recording the same rainfall but which
were located further upstream in the watershed, thus causing
higher water depth in a lower duration.

0.25
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24
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Figure 10. Determination of Water Depth for Low Rainfall
Events (low flows) in Each Watershed
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(a) Duck Creek (DC)
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The contour plots of water depth with respect to total
rainfall and total rainfall duration are shown in Figure 11.
The observed maximum water depth for PM was very low
as compared to DC and C1. The highest magnitude of water
level was in the range of 1.1 m for C1, 1.2 m for DC, and
0.6 m for PM. In general, higher runoff was generated by
higher rainfall and vice versa; a study performed in three
urban watersheds in Minnesota showed an increase in runoff as a result of an increase in annual precipitation, the size
of the maximum storm, and a decrease in the number of
days between the storms [15]. However, there was no fixed
pattern showing a significant increase in water depth for
DC. C1 and PM somewhat followed theoretical concepts of
higher runoff generation, due to higher rainfall events for
longer duration.
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The spatial and temporal variability of surface runoff depend on many factors such as soil type and its imperviousness, catchment area, rainfall intensity and duration, and
other physical characteristics. In addition to these factors,
human activities and ongoing urbanization also increase
runoff volume and peak flow rates [16]. The maximum water depth observed for DC was higher than other watersheds, which signifies the occurrence of few major storm
events. The higher flow depth coupled with lower rainfall
depth and duration in all watersheds indicated the variation
of rainfall patterns within the watershed. This variation implied that the cumulative rainfall over longer durations in
the upper portions of the watershed was influencing the
change in water depth downstream, causing higher water
depth for lower rainfall. This might also indicate that the
rainfall measured near the water depth station had a greater
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(c) C1 Channel
Figure 11. Contour Plots of Water Level (depth in meters)
With Respect to Total Rainfall and Total Duration
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Although the results are not shown and discussed separately, while relating total rainfall between the rain gauges
for the same duration, some rain gauges showed a higher
correlation with the most downstream rain gauge station.
The most downstream station was taken as a reference, due
to the fact that the water depth utilized for this analysis was
also measured at the same location. The case is somewhat
similar to the results presented by Smith et al. [6]; a greater
correlation between the rainfall amounts measured at different gauges does not necessarily mean a higher correlation
between the runoff volumes.
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Abstract
Transmission line structures are often constructed from
steel lattice structures, due to their ease of assembly and due
to their light weight, which results in relatively small foundations. These structures are typically constructed from
standard single or built-up steel angles all of which are assembled and connected together by a steel gusset plate. To
better understand the true behavior of the tower, full-scale
tests are usually performed under design loads. These tests
are required to investigate the overall behavior of the structure and the behavior of the steel connections that connect
multiple members together.
This practice is essential before producing multiple transmission towers for a single project. However, full-scale tests
are expensive to build and time consuming, which may
cause delays in project schedules. As an alternative to fullscale testing, and as an approach to prevent certain unexpected behavior of these structures, the authors of this current research project proposed detailed finite element models to determine the capacity of these structures and to investigate the global and local buckling behaviors, which are
hard to predict using full-scale testing. Previous experimental results were used to validate the finite element models. The finite element modeling of the members used beam
elements for the steel angles with pin connections for the
joints; the commercial finite element package ABAQUS
was used for the modeling.

Introduction
Transmission line towers are important structures, and
their design requires special techniques and criteria. The
safety of these structures is essential in order to provide
continuous energy transfer from power plants to communities. Due to electrical clearances and attachments, transmission line towers often have complex geometries. A typical
tower structure has five main parts comprised of the leg,
body, neck, cross-arms, and grounding tower. The parts that
make up a typical tower are illustrated in Figure 1. The leg
and body parts are often designed in a modular pattern with
different heights so that, depending on the topology of the
region, a family of towers can be generated. This variation
of geometry makes the design even more complicated.

Figure 1. Geometry of the Transmission Tower

In a typical electrical line, transmission tower types also
vary based on their usage. Terminal towers are placed at the
end of the line before the conductors are extended to the
substation. Angle or tension towers are used where a transmission line changes direction at an angle. Suspension towers serve to carry the conductors and are located between
the angle towers. The weight of terminal and angle towers is
often large, due to the high level of forces to which they are
subjected. The role of the suspension towers is to carry its
own weight and that of the conductors. Though their weight
is relatively small, they constitute the major portion of the
electrical line. Therefore, it is the suspension tower that is
often subjected to design verification with load testing.

Background
The design of transmission towers is performed according
to special design specifications. In the U.S. and around the
world, ASCE 10-97 is considered to be the major design
document; a new edition of ASCE 10 has been published
recently; ASCE 10-15. The structural elements constituting
the tower serve as truss elements and are assumed to carry
axial loading only. Based on their slenderness, the elements
are checked for allowable buckling and tensile stresses.
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However, these assumptions may not always be valid for
the following reasons: 1) the structural elements are often
connected through more than single bolts and 2) if the clear
distance of the angle flanges is not enough, the connections
may have larger gusset plates, as can be seen in Figure 2.

Figure 2. Bolts and Gusset Plates in Transmission Towers

Due to the uncertainty in their behavior, transmission
towers should be analyzed using detailed finite element
(FE) modeling. There exist several studies in the literature
on the behavior of transmission towers. Battista et al. [1]
conducted a study to investigate the stability of transmission
towers under wind loading. The transmission tower and two
adjacent spans were modeled using frame elements. Frame
elements were preferred in order to study the effect of bending stresses. A dynamic modal analysis of the tower was
performed under wind loading. In the models, the isolators
were all modeled as double-hinged suspension rods and
found to have significant effects on the tower behavior.
Rao et al. [2] studied the nonlinear behavior of transmission tower structures. A total of five tower structures were
analyzed for both geometric and material nonlinearities. The
structural elements were modeled using beam elements but,
for some of the towers, plate elements were also employed.
The tower structures were selected from among those subjected to full-scale experimental testing. Good correlation
was obtained with the test and computational results. AIBermani and Kitipornchai [3] developed a beam-column
element that included both geometric and material nonlinearities. Four types of towers used in practical applications
were analyzed and a good correlation was obtained. This
study did not present any local strain or stress data.
Matheson and Holmes [4] studied the response of transmission line cables under turbulent wind loading. A series
of wind velocities were generated using Monte Carlo simulation techniques. The analysis of the cable was performed
using the finite difference method. The loads exerted on the
support and line deflections were compared to the available

methods in the literature and identical results were obtained.
Rao et al. [5] investigated the elasto-plastic response of
transmission towers. Tested towers were modeled by beam
elements and plate elements. The effect of a bracing pattern
and redundant members on the tower response was studied.
Numerous software packages were identified in the literature for conducting finite element analysis of truss structures. ABAQUS [6] offers advanced beam and plate elements to perform both geometric and material nonlinear
analysis. The graphical tools and user interface allows fast
generation of the finite element mesh of transmission towers.
Weilian et al. [7] presented a two-step analytical study to
predict the vertical member instability in transmission towers. The study utilized wavelets to determine bucklingcritical regions in the first step. In the second step, the buckling-critical members were detected based on a strainenergy rate of change. The analysis method was tested using
a refined finite element model of a previously tested tower.
In addition, the method was applied to a small-scale experimental tower. The tower was instrumented with accelerometers. For both cases, the damage was accurately predicted.
Albermani et al. [8] proposed a finite element formulation
to conduct both geometric and material nonlinear behavior
of transmission towers. Geometric nonlinearity was simulated using an Updated-Lagrangian approach. For material
nonlinearity, a concentrated plasticity technique was used
where inelasticity was monitored at the element ends. A full
-scale, 275 kV tower was modeled and analyzed under test
load cases. The buckling response of the tower during the
test was predicted with good accuracy.
Rao and Kalyanaraman [9] proposed modeling of transmission lines structures with MSC-NASTRAN software. A
model was developed to account for eccentricity, joint rigidity, and nonlinear effects. Design recommendations were
provided for redundant members. Albermani et al. [10] conducted both experimental and analytical studies on improving the structural performance of tower structures. Specimens of tower substructures were tested under lateral loads
with different bracing patterns. The bracing type with superior performance was applied to an existing tower structure.
The tower structure was analyzed nonlinearly using AKTower software and the performance of the bracing system
was verified and a larger stiffness was obtained.
Yasui et al. [11] investigated the response of transmission
lines under wind action. The transmission line was modeled
as a whole including both towers and conductors. Response
characteristics of the line were evaluated with both timehistory analysis and power-spectrum density. Jamaleddine
et al. [12] studied the ice-shedding phenomena of transmis-
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sion lines and its effect on the towers. Small-scale specimens were tested by dropping dead weights from the conductors to simulate ice falling. The specimens were also
modeled using ADINA software. The experimental response was accurately predicted by conducting both static
and dynamic analyses. McClure and Lapointe [13] examined the response of tower structures under dynamic effects
such as ice-shedding and conductor breakage. Both towers
and conductors were modeled using ADINA software with
linear elastic materials. A dynamic analysis was performed
and response characteristics such as cable tensions and tower element forces were reported.

total weight of the tower. Therefore, it was important to
consider the weight of the connection in the finite element
model to reflect the actual behavior of the tower. This is
also an important parameter for buckling analysis and the
determination of buckling loads. The buckling load was
obtained from the eigenvalue equation, Equation (2), provided in ABAQUS [6].

Nonlinear Finite Element Modeling of the
Transmission Tower
Before performing a buckling analysis for the transmission towers designated as 1L (1st Longitudinal tower) and
DS (Direct current Suspension tower) below, the load tests
were simulated in the finite element software ABAQUS v.
6.13-2, and the loads applied to the tower during the load
test were applied to the finite element model for comparison
and verification. Similar to the load test, five load cases
were studied. A three-dimensional model of the tower was
created with beam elements type B31 with the degrees of
freedom shown in Figure 3. This element type was formulated with the approximation that it can support large axial
strains, large rotations, and transverse shear strain. This can
be seen in the virtual work equation, Equation (1), to derive
element stiffness in ABAQUS [6].





   dl   11 e11    11  11 dA
l

where,
 =
dl =
dA =
 =
e =
 =
 =

A

(1)

virtual work
infinitesimal length
infinitesimal area
axial stress
axial strain
shear stress
shear strain

The element type used for modeling was a beam element
with a linear and quadratic interpolation. The formulation of
this element allowed for transverse shear strain, which
means that cross-section does not necessarily remain normal
to the beam axis.
Structures of this type have connections at every joint; the
connections at the tower investigated in this study were
bolted connections that consisted of a gusset plate and bolts.
The high number of connections added significantly to the

Figure 3. Degrees of Freedom for Beam Elements

K
where,
K 0NM =
K NM =

=
vM =

NM
0

  K NM  v M  0

(2)

base state stiffness
differential stiffness
Eigen value
mode shape

The weight of the gusset plates and bolts was calculated
and applied as a mass at the connection locations. Additionally, an appropriate mesh was used after several trials to
obtain accurate results. The overall finite element model is
shown in Figure 4. The material properties used in the finite
element model are the material properties used in the actual
tests. Coupon tests were performed in order to obtain the
stress-strain curves for the different member sizes used in
the tower and the actual stress-strain curves were inputted
into the model to simulate the actual behavior. The stressstrain curves for the different members are shown in Figure
5.

Verification of Experimental Results
The nonlinear finite element model was analyzed using
the different load cases during the load test. Due to space
limitations, the loading tree for one of the load cases is illustrated in Figure 6. In these tests, strain gauges were placed
at critical members to monitor the stress-strain response
during the tests. Figure 7 shows an example of strain gauges
mounted on the structural members. Strain gauge results
from the load tests were compared with the finite element
results. Comparative results for some of the strain gauge
results are shown in Figure 8. Two strain gauge results are
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presented here: first, where the strain gauge was attached to
the leg and, second, where the strain gauge was attached to
the top cross-arm. The results showed good correlations
between the load test and the finite element results. The
results also showed that the tower behavior was elastic until
the maximum load applied during the load test; this was
observed from the load-test results and from the finite element results. It was obvious from the load-test results that
the trend of the stresses was elastic at some location. Since
transmission tower structures have bolted connections, significant slip was observed during the tests. Considering the
gusset plate connections and scale of the towers, it was a
challenge to reproduce the stress-strain response. The close
correlation obtained from the analysis clearly showed that
the finite element model successfully simulated the load
distribution observed during the test.

Figure 5. Material Properties Used in the Finite Element
Models

Figure 4. Finite Element Model of the Transmission Tower

Figure 6. Load Case 1
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Figure 7. Strain Gauge Mounted on a Structural Member

(a) Locations of Strain Gauges 2 and 5

Figures 9(a) and 9(b), respectively, show a sample of
stresses and deflections in the tower 1L for load case 1. It
was observed that the model was adequate for performing
buckling analyses for the transmission tower. The maximum
stress was below the yield stress, which was also consistent
with the test results. A visual inspection performed after the
test indicated no visual sign of yielding in the members. The
maximum deflection of the tower was determined to be 158
mm, which matched the design objective of maximum lateral deflection that was around H/200 = 156 mm.
The strain gauge locations and results of other strain
gauges are presented in Figures 10-20, respectively. While
some figures showed good agreement, others showed partial
agreement, and some showed no agreement. Figures 11, 18,
and 19 showed no agreement; however, it was obvious that
these strain gauges at the specified load cases showed no
known or expected behavior, where the finite element analysis results showed linear elastic behavior, which was consistent with the overall behavior of the tower or members
during the test, though it is possible that the strain gauges
might have been damaged or that readings were not recorded correctly.
Figures 13 and 14 showed good agreement until a certain
load during the test, then the strain gauge readings deviated
from the expected behavior of the tower or members. It is
worth mentioning that the members, where the strain gauges
were mounted, were monitored during and after the load test
and it was observed that there was no damage or plastic
deformation at these locations, which is an indication that
the strain gauges were damaged during the tests.

(b) Results for Strain Gauge 2, Load Case 2

(c) Results for Strain Gauge 5, Load Case 1
Figure 8. Strain Gauge Locations and Results
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Figure 10. Strain Gauge Locations

(a) Stress Results

Figure 11. First Strain Gauge Results for Load Case 1

(b) Deflection Results
Figure 9. Stresses and Deflections in the Tower for Load
Case 1

Figure 12. Second Strain Gauge Results for Load Case 1
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Figure 13. Third Strain Gauge Results for Load Case 1

Figure 16. First Strain Gauge Results for Load Case 2

Figure 14. Fourth Strain Gauge Results for Load Case 1

Figure 17. Second Strain Gauge Results for Load Case 2

Figure 15. Fifth Strain Gauge Results for Load Case 1

Figure 18. Third Strain Gauge Results for Load Case 2
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mode is shown in Figure 22. The buckling results at different modes are shown in Table 1. The buckling results are
presented as the ratio between the applied vertical load and
the buckling load. It was observed from the buckling results
that the ratio of the applied vertical load to the buckling load
at the first mode ranged from 0.53 to 24.34 percent for load
cases 1 to 5b. Similar results at the different modes for the
different loads cases are shown in Table 2. The finite element results showed that the tower would buckle at much
higher loads than the applied loads during the load test.

Figure 19. Fourth Strain Gauge Results for Load Case 2

Figure 20. Fifth Strain Gauge Results for Load Case 2

Figure 21. Applied Unit Load to Perform Buckling Analysis

Buckling Analysis of the
1L Transmission Tower
The load test is considered to be acceptable if the tower
resists 100 percent of the load cases for a duration of one
minute without any sign of failure. Failure of the transmission towers may be buckling globally or locally at certain
sections; therefore, the study of buckling behavior is essential for such structures. The load-test results in this current
study showed that the tower did not buckle globally during
the load test, and local buckling at specific locations was not
observed. Therefore, the finite element model enabled the
determination of the buckling load and the buckling modes.
After verifying the load-test results, a finite element buckling analysis was performed in order to determine the buckling load at different modes. The buckling analysis was performed by applying a unit load at the tip of the arm, as
shown in Figure 21; the deflection of the tower in the first

Figure 22. Deflections for the First Buckling Mode
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Table 1. Vertical Load-to-Buckling Load Ratios for the First
Five Buckling Modes
Eigenvalue * 106 (N)
1

2

3

4

5

1.1472

1.2228

1.4092

1.4382

1.5167

Load
Case

∑
Vertical
Loads
(N)

1

6071

0.53

0.5

-0.43

0.42

-0.4

2

55640

4.85

4.55

-3.95

3.87

-3.67

3

61022.5

5.32

4.99

-4.33

4.24

-4.02

4

54934.3

4.79

4.49

-3.9

3.82

-3.62

5.a

201015

17.52

16.44

-14.26

13.98

-13.25

5.b

279187.5

24.34

22.83

-19.81

19.41

-18.41

(∑ Vertical Loads/Eigenvalue)*100 (%)

Buckling Analysis of the DS
Transmission Tower
A modeling approach similar to the 1L tower was employed for the DS tower. The structural elements were modeled in ABAQUS with beam elements. The analysis was
conducted nonlinearly for the five loading cases. As an example, the loading tree for one of the load cases is provided
in Figure 23. The computational results were compared with
the test results in terms of deflections and also in terms of
buckling loads. During the test, the deflections were measured at 7 different locations around the tower, as defined in
Figure 24. The deflections at the same loads were also monitored during the analysis. In Figure 25, the deflection response of the tower can be seen for the testing of load case
1. A promising agreement can be seen between the test and
the computational model. The first buckling mode of the
tower is presented in Figure 26. During the test for the load
combination 5, a local failure of one of the legs of the tower
was observed; this type of behavior was also captured computationally, as can be seen in Figure 27.

Table 2. Vertical Load-to-Buckling Load Ratios for the Last
Five Buckling Modes
Eigenvalue * 106 (N)
6

7

8

9

10

1.5441

1.558

-1.603

1.6378

1.6706

Load
Case

∑
Vertical
Loads
(N)

1

6071

-0.39

0.39

-0.38

-0.37

-0.36

2

55640

-3.6

3.57

-3.47

-3.4

-3.33

3

61022.5

-3.95

3.92

-3.81

-3.73

-3.65

4

54934.3

-3.56

3.53

-3.43

-3.35

-3.29

5.a

201015

-13.02

12.9

-12.54

-12.27

-12.03

5.b

279187.5

-18.08

17.92

-17.42

-17.05

-16.71

(∑ Vertical Loads/Eigenvalue)*100 (%)

Figure 23. Load Combination 1
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It was observed that the loads applied were far from causing
the tower to fail in buckling for the 1L tower. The DS tower
showed buckling at one of the main legs; the same behavior
was captured during the first mode of buckling.

Figure 24. Location of Points where the Deflection was
Obtained

Figure 26. Deflections for the First Buckling Mode

Figure 25. Load-Deflection Curves for Load Case 2

Conclusions
Nonlinear 3D finite element analysis and buckling analysis were performed in this study. It was observed that the
finite element results were in agreement with the load-test
results, except for some locations where strain gauges were
possibly damaged. For such structures with many structural
elements, it was challenging to determine buckling loads
experimentally, especially at the local levels. It was concluded that the finite element model can be used to determine the buckling load and to capture the buckling behavior
for transmission towers and its different components. Buckling loads at different modes were evaluated and compared
with the applied vertical loads applied during the load test.

Figure 27. Comparison between Experimental and FE Failure
Modes
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Currently, different transmission towers with different
geometry are under investigation for which the load test has
been already performed and a failure was observed at the
base of the tower; nonlinear analysis and buckling analysis
will be performed to investigate the failure of the towers to
further justify using finite element buckling analysis as a
tool to predict buckling of transmission towers.

References
[1]

[2]

[3]

[4]
[5]

[6]
[7]

[8]
[9]
[10]

[11]

[12]

Battistaa, C., Rodriguesa, S., & Pfeila, S. (2003).
Dynamic Behavior and Stability of Transmission
Line Towers under Wind Forces. Journal of W ind
Engineering and Industrial Aerodynamics, 91, 1051–
1067.
Prasad Rao, N., Samuel Knight, G. M., Lakshmana
N., Iyer, R., & Nagesh R. (2010). Investigation of
Transmission Line Tower Failures. Engineering Failure Analysis, 17, 1127–1141.
Al-Bermani, F. G. A., & Kitipornchai, S. (1993).
Nonlinear Finite Element Analysis of Latticed Transmission Towers. Engineering Structures, 15(4), 259269.
Matheson, M. J., & Holmes, J. D. (1981). Simulation
of the Dynamic Response of Transmission Lines in
Strong Winds. Engineering Structures, 3, 105-110.
Prasad Rao, N., Samuel-Knight, G. M., Mohan, S. J.,
& Lakshmanan, N. (1981). Studies on Failure of
Transmission Towers in Testing, Engineering Structures, 3, 55-70.
ABAQUS Version 6.13-2 User’s Manual. 2013.
SIMULIA, Pawtucket, RI.
Weilian, Q., Wanjun, S., Yong, X., Youlin, X., Wenke, Q., & Zhicai, J. (2013). Two-Step Method for
Instability Damage Detection in Tower Body of
Transmission Structures, Advances in Structural Engineering, 16(1), 219-232.
Albermani, F., Kitipornchai, S., & Chan, R. W. K.
(2009). Failure Analysis of Transmission Towers,
Engineering Failure Analysis, 16(6), 1922-1928.
Prasad, R., & Kalyanaraman, V. (2001). Non-Linear
Behaviour of Lattice Panel of Angle Towers, Journal
of Constructional Steel Research, 57, 1337–1357.
Albermani, F., Mahendran, M., & Kitipornchai, S.
(2004). Upgrading of Transmission Towers Using a
Diagram Bracing System, Engineering Structures, 26,
735-744.
Yasui, H., Marukawa, Y., & Ohkuma, T. (1999).
Analytical Study of Wind-induced Vibration of
Power Transmission Towers, Journal of W ind
Engineering and Industrial Aerodynamics, 83, 431441.
Jamaleddine, A., McClure, G., Rousselet, R., &

[13]

Beauchemi, R. (1993). Simulation of Ice-shedding on
Electrical Transmission Lines Using Adina, Computers & Structures, 47(4/5), 523-536.
McClure, G., & Lapointe, M. (2003). Modeling the
Structural Dynamic Response of Overhead Transmission Lines, Computers & Structures, 81, 825-834.

Biographies
MUSTAFA MAHAMID is a clinical associate pr ofessor at the University of Illinois at Chicago and an independent consultant working for several engineering firms. He
earned a B.S. in Civil Engineering from the Eastern Mediterranean University in Turkey; an M.S. in Civil Engineering from Bradley University; and, a Ph.D. in Civil Engineering from the University of Wisconsin–Milwaukee. Dr.
Mahamid has extensive practical experience in industry and
has worked on projects in the U.S., Europe, the Middle East,
and China. His interests include earthquake engineering,
structural steel building behavior and connection design,
concrete structures, and computational mechanics. Dr. Mahamid may be reached at mmahamid@uic.edu
CENK TORT holds a B.S. (METU 2000), an M.S.
(University of Minnesota 2003), and a Ph.D. (University of
Minnesota 2007) in civil engineering. He was a staff structural engineer at Skidmore, Owings, and Merrill (SOM) in
Chicago from 2007 to 2010. Since 2010, he an R&D director at Miteng in Ankara/Turkey working on design and optimization of transmission tower structures. Dr. Tort may be
reached at cenk.tort@gmail.com
MUTAZ AL HIJAJ is a Ph.D. student in the Civil and
Materials Engineering Department at the University of Illinois at Chicago (UIC) since January 2013. He graduated
from Jordan University of Science and Technology with
M.S. and B.S. degrees in structural engineering. Al Hijaj is
a member of several engineering associations similar to the
American Society of Civil Engineers (ASCE) and the
American Institute of Steel Construction (AISC). Furthermore, his research focuses on investigating special types of
steel connections and steel tower performance. Mutaz’s
passion is a deeper knowledge leading to development of
better and safer steel structures. Mr. Al Hijaj may be
reached at malhij2@uic.edu
ADEEB RAHMAN is an associate pr ofessor of engineering mechanics in the Department of Civil Engineering
and Mechanics at the University of Wisconsin-Milwaukee.
He received his Ph.D. from the University of WisconsinMadison in the area of solid mechanics. His area of expertise includes computational structural mechanics, the response of steel connections to fire loading, and computa-

——————————————————————————————————————————————————–
NONLINEAR AND BUCKLING ANALYSIS OF STEEL TRANSMISSION TOWERS
27

——————————————————————————————————————————————–————
tional modeling of structural frames in seismic loading. He
has more than fifty journal and conference publications in
highly specialized publications. He is currently active in
research focusing on the performance of steel connections
in elevated temperatures. He was twice the recipient of the
prestigious Fulbright Award for the U.S. Fulbright Scholarship program. Dr. Rahman may be reached at
adeeb@uwm.edu
FARIS MALHAS is Dean of the School of Engineering
& Technology at Central Connecticut State University. He
earned his B.S.E. and M.S.E. degrees in civil engineering
from the University of Michigan-Ann Arbor, and his M.S.
degree in engineering mechanics and Ph.D. in civil engineering from the University of Wisconsin-Madison. His
research interests include the behavior of concrete structures
and structural steel design codes and provisions. Dr. Malhas
may be reached at fmalhas@ccsu.edu

——————————————————————————————————————————————–————
28
INTERNATIONAL JOURNAL OF MODERN ENGINEERING | VOLUME 16, NUMBER 1, FALL/WINTER 2015

SELF-SUSTAINABILITY STUDY OF ENERGY
HARVESTING WIRELESS SENSOR NETWORKS FOR
INFRASTRUCTURE MONITORING
——————————————————————————————————————————————–————
Jin Zhu, University of Northern Iowa

Abstract
Wireless sensor networks may be used to improve the
efficiency and effectiveness of infrastructure monitoring.
The power supply or battery maintenance of a large-scale
wireless sensor network in an outdoor environment is a
challenge to be addressed before a system can be widely
deployed in the field. In this current research project, the
energy harvesting and self-sustainability issue of a wireless
sensor network was studied. An energy flow model of a self
-powered wireless sensor system for energy sustainable is
presented here. A self-powered prototype system that performs energy harvesting from its ambient environment and
stores energy in supercapacitors was implemented. The system was tested in the field for a bridge monitoring application in order to demonstrate its ability to achieve selfsustainability.

Introduction
Monitoring of transportation infrastructure, such as bridges and overpasses, is traditionally performed through periodic visual inspections. According to data from the Federal
Highway Administration (FHWA), over 20 percent of all
bridges in the U.S. are deficient, as of December 2012 [1],
including 28,800 bridges that were structurally deficient and
71,888 bridges that were functionally obsolete. Traditional
inspection is typically performed every quarter or six
months by sending a staff member to the bridge site to manually check the status of a bridge, depending on the number
of staff workers and bridges in each county. Manual inspections are not cost-efficient and not very reliable. Problems
may not be caught during one single inspection and, if the
structure problem develops quickly, one may not be able to
catch the problem before a catastrophe occurs. Therefore,
the development of an automatic and low-cost bridge structural health monitoring (SHM) system is in high demand
and crucial for reducing the costs associated with manual
inspection in order to effectively monitor the status of bridges and, therefore, prevent bridge collapses.
Within the last decade, there has been much interest in
developing wireless structure monitoring for easy and fast
installation and improved flexibility, because a wireless

sensor network (WSN) does not need to run cables all over
the bridge and because a significant cost of any bridge monitoring system is in the cost of cabling and its installation.
However, wireless sensors are typically battery powered.
The major drawback is the need to change or charge the
batteries periodically [2]. Therefore, a wireless monitoring
system that can obtain energy from the ambient environment is very attractive to power the sensing, processing, and
communications operations to achieve complete selfsustainability. The process that converts energy in the ambient environment into usable electrical power is called energy harvesting or energy scavenging. In this study, the selfsustainability problem of wireless sensor networks was investigated. A general energy flow model was developed to
represent the system operation to achieve self-sustainability.
Then, a wireless sensor network used for infrastructure
monitoring was studied as an example. Energy harvesting
design issues of a wireless sensor network were evaluated
and a prototype for bridge monitoring was implemented. Its
performance on self-sustainability in field tests was presented and studied.

Energy Self-sustainability Model
Self-sustainability of a wireless sensor network is defined
here as if a wireless sensor network system with energy
harvesting ability can achieve a balance between energy
needed for desired operations and the energy harvested from
the ambient environment. If a system can maintain energy
self-sustainability, theoretically it can maintain its operation
without external interventions such as battery changes. A
wireless sensor node can choose to operate on different
power consumption levels by adjusting either its duty cycle
of sensing or sampling rate. Furthermore, based on the condition of the available ambient energy source, it can adjust
its work mode to achieve sustainability. Given:
 Eav: available energy in the energy storage device
(ESD)
 Emax: energy capacity of the ESD
 Eth+: positive going energy threshold—a hibernate
node may resume normal operation when its energy
level exceeds Eth+
 Eth−: negative going energy threshold—a node will
enter hibernate when its energy level falls below Eth−
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Phav: output power from the energy harvester
Psn: power consumption of a normal operating wireless sensor node

A general state machine model of the self-powered energy harvesting sensing system based on energy flow is
shown in Figure 1. In order to avoid bouncing effects between the negative energy flow state and hibernate state, the
concept of hysteresis switching was introduced.
Phv≥Psn , Eav = Emax
Positive
energy flow

Direct power
mode

Phv≥Psn

Phv<Psn

Phv≥Psn
Negative
energy flow

Phv < Psn
Eav>Eth+

Energy Source Type
Vibration/Motion
Human motion
Industry machines
Bridge vibration due
to passing traffic
Acoustic Noise
Temperature Difference
Human
Industry
Wind/Air Flow

Phv<Psn
Phv> Psn
Eav < Emax

Table 1. Energy Source Comparison

Phv ≤Psn
Eav ≤Eth+

Hibernate
mode

Phv ≥Psn
Phv < Psn
Eav>Eth-:

Phv < Psn
Eav≤Eth-

Figure 1. Energy Flow Model of a Self-Powered Wireless
Sensor System

Micro Energy Harvesting for Outdoor
Wireless Sensor Networks
Although renewable energy technologies such as solar
panels and wind turbines are relatively mature, they are generally for large-scale systems and not suitable to low-cost,
small-sized wireless sensor nodes. Some pioneer projects
have been undertaken to investigate the possibilities of harvesting energy from the ambient environment for low-cost,
micro wireless sensors for structure monitoring [3-6]. The
potential ambient energy sources that may be used for
bridge monitoring include vibration, light, air flow, temperature variations, and ambient RF energy. Ambient energy
sources that may be used for wireless sensor networks are
summarized and compared in Table 1 [7].
An energy harvesting module consists of charger circuits,
energy storage components, and voltage regulators. The
energy harvested from the ambient environment needs to be
stored in energy storage components such as:
 Electrochemical batteries
 Micro-fuel cells
 Ultra-capacitors or supercapacitors
 Micro-heat engines

Solar/Light
Indoor
Outdoor

RF
GSM
Wi-Fi
Broadband (1 - 3.5GHz)

Harvesting Performance
(Power Density)
4 μW/cm2
100 to 800 μW/cm2
< 1 μW/cm3
0.003 μW/cm3 at 75 dB
0.96 μW/cm3 at 100 dB
25 μW/cm2
1 to 10 mW/cm2
380 μW/cm2 (assumes air velocity of
5 m/s, i.e., 11 mph)
7.2 μW/cm2 (office light)
100 mW/cm2 (directed toward bright sun)
10 mW/cm2 (under sun)
150 μW/cm2 (cloudy)
0.1 μW/cm2
0.001 μW/cm2
0.0063μW/cm2

Batteries are the most common energy storage devices.
Rechargeable batteries can be used with energy harvesters
in WSNs. Lithium-ion batteries are popular among others
due to its high energy density. However, the charging temperature for Lithium-ion batteries is limited to 0°C to 40°C.
The operating temperature for supercapacitors is wider than
that for Lithium-ion batteries, especially for charging, which
is -40°C to 65°C. This wider operating temperature range is
a good fit to the outdoor environment in hot/cold weather.
In addition, one of the issues of WSNs with rechargeable
batteries for long-term monitoring is the limited cycle life,
typically around 500, while the cycle life of supercapacitors
can be from 300,000 to 1 million cycles. Therefore, supercapacitors could be an attractive option in some wireless
sensor node applications because of their increased lifetimes, short charging times, and wide operating and charging temperature ranges. In addition, harvesting components
and energy storage elements usually have different voltagecurrent characteristics. Therefore, efficient charging and
power management circuits must be integrated with the system to minimize the conversion loss and translate the scavenged energy into increased system lifetime.

Energy Harvesting Prototype
Implementation
A prototype of a wireless sensor network with an energy
harvesting module, named EHSuperCap, was designed and
implemented. According to the comparison shown in Table
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1, wind and solar energy are still the most appealing options
based on the energy density for harvesting. In this prototype, a small film solar panel was adopted as the energy
source. Before the wireless sensor node platform was selected, the specific requirements for the bridge monitoring application were identified. According to objectives of the
project, the sensing elements used were traditional strain
gauges, as the system needed to monitor the bridge strain
peaks due to live passing traffic.
Based on research by Lu [8], it is suggested that the 125
Hz data acquisition frequency is adequate to capture strain
peaks produced by highway-speed trucks. In addition, synchronization of sampling data from multiple sensor nodes is
necessary to ensure the accuracy of the engineering analyses
performed on the response data. Considering that the error
introduced due to synchronization error should be no greater
than 1 percent, the synchronization error should be less than
80 µs.
Given a total bridge span of 320 ft. (97.5 m), the transmission range of the wireless sensor nodes must be 320 ft.
or more. The platform should also support point-tomultipoint or mesh communication, given that multiple
strain gauges are needed for synchronized strain monitoring.
Assuming a measurement range of ±500 µstrain with 1
µstrain resolution, at least a 10-bit analog-to-digital converter (ADC) is needed. In addition, the sensor nodes should be
able to provide excitation to the Wheatstone bridge for
strain gauges. Given that an energy harvester is needed to
power the sensor node, the platform should provide an interface for the external power supply. The platform needs to be
operated outdoors and, therefore, a wide operating temperature range is expected.

chronous sampling mode, the total energy needed for different operation can be determined by Equation (1):
N
 24  3600
(1)
Etotal  Vin  s  I sample  ttx  I tx  tsleep  I sleep  
tint erval
 fs


where, V in is the power supply voltage; Ns is the number of
sweeps (samples) per cycle; f s is the sample frequency; Isample is the average current used during sampling; ttx and Itx are
the time and average current when the node continues to
upload the data, respectively; tsleep and Isleep are the time and
average current, respectively, when the node is in a sleep
stage.
The duty ratio for synchronous sampling burst mode was
defined via Equation (2):
Ns

Dburst 

fs
 100%
tint erval

(2)

The estimated energy needed for one-day operation (24
hours) of synchronous sampling with the frequency of 128
Hz is 1385 J for Dburst = 0.2, 2020 J for Dburst = 0.33, 2723 J
for Dburst = 0.5, and 3631 J for Dburst = 0.67. According to
this energy requirement analysis, a thin-film solar panel
(270 mm × 100 mm × 1 mm, 31 gram) was selected as the
energy generator and two 350 F supercapacitors as the energy storage devices.

Based on the requirements, after comparing multiple
nodes, SG-Link nodes were selected from LORD MicroStrain Sensing Systems [9]. SG-Link-LXRS node has a
differential input channel (strain channel), a single-ended
input channel (analog channel), and an on-board temperature sensor channel. The differential channel is excited with
3 volts and the input is first passed through two-stage amplification and then into a 12-bit analog-to-digital converter
(ADC). The data can be sampled in four different modes:
data logging, low-duty cycle (LDC), streaming, and synchronous. The synchronous mode was used in this application since multiple nodes were needed to collect the strain
data synchronously for later analysis. In the synchronous
mode, the base sends beacons to synchronize all the nodes
within the network.

The primary reason for using supercapacitors for storage
was their wide temperature range of operation and charging.
Since the winter temperature in Iowa could easily be below
0°C (32°F), which is already out of the charging temperature range for a typical rechargeable Lithium-ion battery.
Another consideration was the number of cycles that a device could be discharged and recharged before losing more
than 80 percent of its capacity. The supercapacitor has an
unlimited shelf life when stored in a discharged state. When
referring to lifecycle, the manufacturer data sheets usually
reflect the change in performance, typically a decrease in
capacitance and increase in equivalent serial resistance
(ESR). For example, a 15-percent reduction in rated capacitance and a 40-percent increase in rated resistance may occur for a supercapacitor held at 2.5 V after 88,000 hr. (10
years) at 25°C [10], while the lifecycle for Lithium-ion rechargeable batteries is much shorter under similar operating
conditions. The lifecycle of a rechargeable Lithium-ion battery is typically around 500 hr. [11].

In this project, based on application requirements, the
synchronous mode was used with a sample rate of 128 Hz.
According to the power profile of the SG nodes in the syn-

Design goals of the energy harvesting and storage circuit
included low-cost, low-power consumption, and a simple
design. Three Zener diodes were used to protect the super-
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capacitors from over charges exceeding their rated voltage
(2.7 V) and the total voltage not exceeding 5 V. The minimum operation voltage of SG-Link nodes is 3 V. After tests,
it was found that an SG-Link node stopped working until
the supply voltage dropped below 2.8 V. When it stops
working, the SG-Link still draws the current, which is uncontrolled and larger than with normal operation, depleting
the supercapacitors completely in a short period. Therefore,
it was desired to shut down or disconnect the supercapacitor
from the SG-Link when the power supply falls below 3 V to
prevent wasting energy. A relatively high charging voltage
of 3 V or more also helps the solar cells to work on the regions close to the maximum power point (MPP).
For this purpose, a low on-resistance, low-voltage singlepole/single-throw (SPST) analog switch, FSA1156 from
Fairchild Semiconductor, and a selectable voltage supervisor, LTC2915 from Linear Technology, were introduced.

The voltage supervisor was selected to monitor the voltage
level of supercapacitors. If the voltage is lower than 2.9 V,
it sends a control signal to the analog switch and the switch
will open and shut down the pass between the supercapacitors to the SG-Link node. When the voltage increases back
to 2.95 V from energy harvesting, the voltage supervisor
will again close the analog switch so that the node will resume work. Accordingly, Eth+ = 762 J and Eth- = 736 J.
The schematic of the EHSuperCap board is shown in Figure
2.
SG-Link nodes were configured to enter the synchronous
mode at start-up, so a node may rejoin the network and continue collecting data whenever it scavenges enough energy
from the ambient environment. Using ICs, a reliable power
supply for the ICs was required no matter what level of energy the supercapacitors possessed. A primary battery was
used; it was not ideal, but given that both ICs were ultra-low

Figure 2. Schematic of the Prototype
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power, with a quiescent supply currents of 1 µA and 30 µA,
a small-sized battery may last a long time. Assuming a button battery capacity of 1000 mAh (for example, CR2477,
operation temperature -30°C to 60°C) and an average supply current of 35 µA, a single button battery can last more
than three years. The implemented system with an energy
harvesting module is shown in Figure 3.

Table 2. Configurations of Synchronized SG-Link-LXRS
Sampling Nodes
Node
(#)

# Active
Channels

% of
Bandwidth

TDMA
Address

Location

639

2

1.56%

1

North girder 2

649

3

1.56%

9

South girder 1

651

2

1.56%

17

South girder 2

712

2

1.56%

25

North girder 2

Some sample strain data and their corresponding frequency responses are shown in Figure 4. Comparing the data
with previous results using wired sensors [8], it was concluded that the data collected using wireless sensors were
valid.

Figure 3. Energy Harvesting Module for Wireless Sensor
Networks

Field Test Results
The system was deployed on a bridge with a span of 320
ft. in a field test to monitor the bridge strain peaks due to
live passing traffic. Strain data were collected with a burst
mode in the frequency of 128 Hz and could be used to indicate the health or deformation of the bridges. Four nodes
were deployed in the field tests. The base was connected to
a laptop, which was locked in the cabinet close to the northwest bridge abutment. As discussed previously, the sample
rate was set to 128 Hz and synchronous sampling burst
mode was used. For the burst mode, it was set to 38,400
sweeps every 30 minutes (taking samples at 128 Hz for 5
minutes every 30 minutes). So the duty cycle was D burst =
1/6 or 16.7 percent.
Strain gauges were connected to the sensor node platform
using a Wheatstone bridge, where a regulated 3 V excitation
was provided from the sensor node during sampling. A
Weldable 350 Ω strain gauge from Vishay was adopted for
strain measurement. Strain samples were then collected via
the differential input. Besides the strain, all nodes also
measured the supercapacitor voltage via the single-ended
input. In addition, one node (Node 649) also measured the
temperature using the internal temperature sensor. The configurations of the wireless sensor nodes are listed in Table 2.
Voltages of the supercapacitors were also collected to monitor operations, in addition to the strain and temperature data.

Figure 4. Sample Raw Strain Data and Frequency Response

Although potential energy resources are renewable for
harvesting, they are still limited in magnitude and each node
must be as energy-efficient as possible to achieve selfsustainability. The energy sources, including the solar panels used in this project, are typically irregular and intermittent. In this study, the wireless sensor nodes were evaluated
for their ability to achieve self-sustainability and operate
with or without minimal maintenance. For this purpose,
supercapacitor voltage was monitored during the test periods. The capacitor voltages for the four wireless sensor
nodes for one 6-day test are discussed here. The initial supercapacitor voltages before the 6-day test were measured
as follows:
Node 649: 2.38V
Node 712: 2.14V

Node 651: 1.68V
Node 639: 1.70V

The supercapacitor voltage results for the 6-day test are
presented in Figure 5. Note that the voltage shown is the
voltage of one supercapacitor. According to the test results
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in the lab, the capacitance was not exactly the same for the
two supercapacitors in series, but the difference was small
enough that it could be assumed that the power supply voltage was approximately twice that of one supercapacitor.

value indicate the energy gain from the bottom to the peak
while the negative value is the energy loss from peak to
bottom during each day. It can be seen that energy gain and
loss fluctuated but overall trend is balanced.

Figure 5. Supercapacitor Voltage Results for a 6-Day Test

Figure 6. Temperature Data versus Supercapacitor Voltages

As shown, the nodes were working properly except for
Node 639. Node 639 worked during the first 1.5 days and
then lost its connection. After testing the EHSuperCap, it
was found to be working. Even though the supercapacitor
voltage was still above 2V, this SG-Link node stopped
transmitting data back to the base station and needed to be
reset. Figure 5 shows that the EHSuperCap board is able to
provide enough energy to support the operation of wireless
sensors. Taking Node 651 as an example, it started at 1.68
V and, after the first day, it reached 2.23 V at 7:00 p.m. The
voltage kept dropping during the night until it reached its
low point at 7:00 a.m. at 1.87 V, before the voltage started
to increase again during the daytime. The lowest voltage
during the test was 1.85 V, well above the required 1.5 V.
Overall, it can be seen that the nodes can be self-powered
and maintain self-sustainability using a solar panel with a
270 cm2 area.
The available solar energy depends highly on the weather.
The light level was between 800 and 2000 FC around noon,
as measured on-site, but the radiant level changed quickly
and significantly when clouds moved in. The energy gain or
loss did not depend directly on temperature, but the temperature data gave a general idea of daylight time. The temperature data measured and weather conditions are presented
for the 6-day test duration in Figure 6. The top blue line is
the temperature over six days, while the red bottom line is a
single capacitor voltage (at Node 651). It can be seen that
the peak voltage followed daily temperature peaks in general, sometimes with a delay.
The energy gained or lost for storage (besides the energy
that was consumed directly from the solar panel during the
daytime) in Node 651 is presented in Figure 7. The positive

Figure 7. Energy Level Gain/Loss in Node 651

Conclusions
Most wireless sensors are powered using batteries and can
last a limited time, especially for high sample frequency
demanding applications. With this project, a minimum 125
Hz sample rate was needed. With a sample rate of 128 Hz,
three high-capacity D-cell batteries (assuming 1.5V, 18,000
mA each) can provide only a two-month power supply to
SG-Link nodes. It is not convenient or cost-efficient to replace batteries. Therefore, a self-powered wireless sensor
network is a very attractive option. A self-sustainable wireless sensor node can support its operation by harvesting
energy from the environment and, thus, its lifetime is limited only by the lifetime of the electronics. An implemented
EHSuperCap board with a film solar panel and supercapacitors was used to supply power to wireless sensors for bridge
monitoring.
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Voltages of the supercapacitors were collected to monitor
operations besides the strain and temperature data. The test
results showed that the EHSuperCap board was able to provide enough energy to support the operation of wireless
sensors. When a node works in the synchronous burst mode,
the collected data were not continuous but still provided the
strain information resulting from ambient traffic. Given that
the strain data give more usable information during trafficdense periods such as rush hours, the nodes may be set to
take more samples during the traffic-dense hours and save
energy during other periods. Overall, energy harvestingbased wireless sensor networks are an attractive option for
various infrastructure monitoring applications. Future work
will include the incorporation of the energy information into
the protocol design and operation of the sensor nodes, and
use a simulation to estimate the lifetime and evaluate the
sustainability of energy harvesting-based wireless sensor
systems using an energy flow model.
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Abstract
Crash testing of a Sprint Car racing chassis was performed using an inverted drop test, which was carried out
for the purpose of determining if a correlation existed between empirical test data and finite element analysis results.
The analysis of a finite element model was correlated using
data logged during the drop test to within a mean error of
9.11% of the maximum impact acceleration and velocity.
Once a correlation between the finite element model and the
drop test data had been established, three variant chassis
designs were evaluated using the same metrics at two different simulated crash speeds. The results of the finite element
studies showed that a significant reduction in peak impact
acceleration of 72.8% could be achieved using a crash attenuator mounted to the top of the car’s roll cage. This level of
reduction in G loads in a potential crash scenario could result in a significant decrease in the risk of death or serious
injury to the driver.

Introduction
Motorsports sanctioning bodies first mandated roll cages
for Sprint Cars during the 1970 season, after driver Kenny
Gritz died during the 1969 season at an International Motor
Contest Association (IMCA) race event. Ironically, Gritz
died after showing up with a roll cage fitted to his car. Officials at the race forced him to remove it, as it was considered a performance enhancing addition to the car [1]. Following this, sanctioning bodies such as IMCA and the United States Auto Club (USAC) began to mandate roll cages.
The National Association of Stock Car Auto Racing
(NASCAR) had first mandated this safety device in 1953,
and the Federation Internationale de l’Automobile (FIA)
had followed suit in 1961, mandating rollover structures in
Formula 1 [2], [3]. Roll-hoops as a safety structure can actually trace their roots to the early 1900s [4], [5]. Today,
Sprint Cars and all racecars of similar construction (e.g.
Midgets, Mini-Sprints, Silver Crown cars, etc.) utilize a roll
cage, but its form is mostly unchanged from the 1970s.
At first glance, it is rather surprising that roll structures
were not commonplace on these race cars before 1969 [6].
However, speed was historically placed in front of safety in
the early years, and many drivers paid for it with their lives

[7]. Many, like famed NASCAR driver Dale Earnhardt,
could have been saved by earlier implementation of improved driver safety equipment [8]. The lower echelons of
motorsports also have their stories of tragedy such as Shane
Hmiel, whose crash in a Silver Crown car left him a quadriplegic [9]. It is arguable that if additional driver protection
had been in place, the severity of these drivers’ injuries
might well have been avoided. Promoters, fans, and racers
alike are beginning to question the lack of safety innovation
in Sprint Car racing since the initial implementation of the
roll cage [7]. The Charlotte Observer reported in 2014 that
since 1990 there had been 523 motorsports deaths with 53
occurring at short tracks, where the majority of Sprint Car
drivers compete [10]. With an average of 15 drivers dying
every year in grassroots dirt-track racing, there is growing
concern that improvements in safety devices are desperately
needed [7].
A collaboration between the Center for Advanced Product
Evaluation (CAPE), Spike Chassis Inc., AED Motorsport
Products, the MotorSport Engineering Conference, and Indiana University Purdue University Indianapolis (IUPUI)
has enabled the generation of research into roll cage design,
which is discussed in this paper. Previous empirical testing
and research conducted into the dynamics of Sprint Car roll
cages undergoing a top plane impact have relied on the use
of sled testing [11-13], whereby the Sprint Car chassis was
fixed to a sled and propelled towards a solid barrier at
speed. Due to the constraints required to attach the chassis
to the sled, the degrees of freedom available to the chassis
during the crash event were severely compromised. This
presents a distinct problem when attempting to understand
Sprint Car crash dynamics in a top plane impact, as the limitations imposed by the sled can never truly be removed
from the empirical testing results.
Restrictions on chassis crash characteristics that use a
cable-driven sled were a driving factor in the decision to use
drop testing as a basis for this current correlation of empirical model to finite element analysis results. This type of
testing was utilized by Patalak and Gideon [3] in the analysis of NASCAR’s sixth generation of stock car chassis. Additionally, neither the Society of Automotive Engineers
(SAE) [14] nor the National Highway Traffic Safety Administration (NHTSA) [15] mandate or provide standards
for sled-testing impacts to simulate rollovers. In a notable
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study conducted by Forrest et al. [16], the authors sought to
determine real-world roof strength though a comparison of
vehicle styles that had passed Federal Motor Vehicle Safety
Standard 216 [15] and subjected them to an inverted drop
test. Based on their work, along with the proven use of the
SAE J996 inverted drop-test standard [17] as a procedure
for testing motorsports vehicles in Patalak and Gideon’s
work, there is strong evidence to suggest that use of inverted
drop testing to determine Sprint Car roll cage crash characteristics is a viable solution.

competition of 1325 lb. However, this goal was not quite
met and the final weight on the day of the test was 1220 lbs.
The suspension arms, dampers, and torsion bars allowed for
limited suspension movement and varied from semi-used to
vintage condition. This was due to the need to compile and
assemble the parts within a limited schedule and budget.
The test chassis was in used condition and featured (prior to
the test) several damaged areas within the front section of
the vehicle. These portions of the chassis were areas not
directly associated with the roll cage and were considered to
have negligible influence on the test.

Currently there exists no known model for the rollover
characteristics of Sprint Cars. The research presented here
provides basic insight into understanding the load paths and
deformation characteristics for a Sprint Car undergoing a
top-plane impact. Furthermore, this research may have the
potential to improve the crashworthiness of Sprint Cars and
other similar racecar chassis with the possibility of reducing
the incidence of severe driver injury brought about by rollover events resulting in top-plane impacts.

Test and Analysis Procedure
In this current study, the authors sought to correlate test
data from an inverted drop test of a Sprint Car at CAPE to a
finite element model (FEM) and finite element analysis
(FEA). The correlation of the test vehicle to the FEM of the
vehicle was accomplished through a combination of comparisons between logged data and visual inspections of the
high-speed video footage. The correlations, FEA, and all
subsequent analyses were conducted using ANSYS Explicit
Dynamics [18-20]. Once a correlation was established between the CAPE inverted drop test and the FEM, previous
work conducted at IUPUI [21] was used as basis for exploring the possibility of reducing chassis crash accelerations
and frame deformation through use of a crash attenuator. On
December 9, 2014, during the MotorSport Engineering Conference (MSEC) in Indianapolis, IN, the CAPE staff instrumented a Sprint Car chassis, which had been prepared by
IUPUI, for the inverted drop test, as shown in Figure 1. The
vehicle was outfitted with hardware necessary to approximate the weight distribution of a Sprint Car as it would be
raced. A Hybrid II dummy (non-biofidelic) was utilized
along with accelerometers on the vehicle and load cells in
the floor. The test dummy was seated in a non-containment
seat and restrained with a 5-point safety harness that met
Safety Foundation, Inc. (SFI) standards [22].
For the purpose of this test, the car assembly was comprised of limited or otherwise non-functioning components
beyond the seat, restraints, and chassis. The main purpose of
component inclusion within the test chassis was to attain the
minimum weight requirement for USAC Sprint Cars in

Figure 1. Test Vehicle Prepared for Drop Test

Once the test vehicle was inverted, it was positioned so
that the chassis’ bottom frame rails were parallel to the platform. The test vehicle, once hoisted to the maximum allowable height for the test site, was allowed to rest so as to
reach the desired equilibrium state of zero degrees roll,
pitch, or yaw. The drop height was measured from the top
surface of the platform to the rear of the chassis’ roll cage.
This height was recorded as 145.25 in. (3.690 m). The data
logger used for the test had a logging frequency of 20,000
Hz and began logging as the top plane of the car passed
through a laser gate forming a horizontal plane located
21.89 in. (0.57 m) from the top surface of the platform. All
results from the drop test were filtered in accordance with
SAE J211-1 using Channel Frequency Class (CFC) Butterworth filters, where needed [17]. The data system contained
a single 3-axis accelerometer and four load cells located
underneath the platform onto which the chassis was
dropped. The Sprint Car chassis was reverse engineered
using a combination of hand measurement tools and interviews with Sprint Car chassis manufacturers. The opportunity to review chassis drawings used by Spike Chassis,
Inc., a Sprint Car chassis manufacturer located in Brownsburg, Indiana, also proved to be very useful when finalizing
the chassis model, which is shown in Figure 2.
In order to correctly export the reverse-engineered chassis
model to ANSYS Design Modeler, the 2D sketch data were
copied into a 3D sketch within the model. This step was
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needed as 3D sketch geometry was the only line geometry
that can be imported into ANSYS Design Modeler. Once
the 2D lines were copied into a 3D sketch, any lines that
formed a T-joint comprised of two bodies were trimmed and
redrawn to create three bodies.

Table 1. Mass Distribution
Location

Weight lb.

Front Axle

127.58

Front Arms

18.23

Front Engine Plate

3.17

Engine
Rear Engine Plate

Figure 2. FEM Model of the Chassis

This is important as ANSYS Design Modeler is only able
to bond the intersection of two or more line bodies at their
respective endpoints. Failure to ensure that all line intersections contained a number of vertices and end points equal to
the number of intersecting lines resulted in failure to bond
bodies when meshed in ANSYS Mechanical. Due to the
characteristic length of line body elements being equivalent
to the element’s specified length within the solver properties, time was taken to ensure that no single sketch line or
line body was less than 1 inch in length, in order to keep the
minimum time step for the analysis at a reasonable size. In
order to reduce the chance of a non-bonded line body chassis model being solved in ANSYS Explicit Dynamics, the
chassis model once imported into the ANSYS environment
was first run through a six-mode modal analysis in order to
identify where line body intersections had been missed. The
modal analysis is substantially less computationally intensive than an explicit dynamic analysis and allows for relatively quick identification of problem areas, which typically
appear as floating tubes or disconnected joints.
Finally, before the geometry was imported into the ANSYS Mechanical environment, correct cross-section attributes were applied to all line bodies; also, the individual line
bodies were combined into a multi-body part, which allowed the topology of the model’s mesh once generated to
be shared and create a continuous mesh across common
regions [19]. Table 1 shows the various densities that were
applied to each body in order to attain proper mass distribution for the FEM. Attempting to include free-moving suspension members with realistic contact sets including bolts
proved to be too complex to mesh correctly for an explicit
dynamics test, due to the many small surfaces created when
using bolts.

590.00
6.83

Seat

164.00

Torque Tube

12.50

Rear End

132.22

The engine plates were machined from aluminum and
were reversed engineered as the overall dimensions were
what was important and required for the study. The seat
weight used the Hybrid II adult male dummy in the CAPE
test [23]. The original model of the chassis, in drop-test configurations, was shown relative to the base plate in Figure 3.
All analyses were run with ANSYS’s material failure model
activated to allow for erosion of elements that exceeded the
yield stress of the 4130 normalized steel from which the
Sprint Car chassis and cage were constructed.

Figure 3. ANSYS Initial FEA Configuration

Results and Correlation
Figure 4 shows the first impact event with the platform.
The images were taken from frames of the high-speed footage captured during the test. The blue mark and puff of
chalk dust that appears in the photo indicate that the dummy’s helmet struck the platform during impact. Based on
the initial height of the vehicle at the start of the test, 145.25
in. (3.690 m), an estimated impact time for the rear of the
roll cage was calculated as 19.03 mph (8.51 m/s). Dividing
this rate by the gravitational constant gave a time for the
drop from release to platform contact of T c = 0.8674 s.
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were reproduced from the raw data. The primary impact
speed was still more than 10 mph slower than either of the
prior sled tests.

Figure 5. Velocity Data
Figure 4. Initial Impact during Drop Test

Based on a frame-by-frame review of the video footage at
a recorded frame rate of 30 frames per second, it appeared
that it took 27 frames for the vehicle to travel the drop distance, resulting in a calculated time of T v = 0.9009 s. Examining the raw CAPE data in Excel showed that there was a
correlation of the calculation and visual review of the video
footage at Tx = 0.0996 s into the CAPE data. As a final
check, the height of the laser gate was calculated from the
speed at Tx =0.0996 s in the CAPE data and found to be
105.50 in. (2.67 m). This distance is the gate height relative
to the chassis’ initial position. To find the height from the
ground, d─15.09 in. (0.383 m), the height of the platform
was subtracted from z = 145.25 in. (3.690 m) and found to
be slightly more than the known height of the laser gate at
54.07 in. (1.39 m).
It should be noted that the impact speed of the chassis in
this test proved to be roughly half of the impact velocity of
37 mph (16.54 m/s), which was found in the previously reported sled-test data. This was significant as the dummy
driver’s head still made contact with the barrier, just as it
had in the sled tests. The peak velocity of the vehicle during
the primary impact was approximately 25.38 mph (11.35 m/
s), based on the CFC 180 Butterworth filtered data with a
cutoff of 300 Hz; however, this conflicted with test data
shown in Figure 5, which reported a peak primary impact
velocity of approximately 23.50 mph (10.5 m/s). This was
believed to have occurred as the result of incorrect filter
settings for the CAPE output, as all other filtered signals

The large spike in velocity at time 0.05 s was attributed to
the front wheels striking the platform (Figure 6) when the
test vehicle pitched forward, due to the shape and trajectory
of impact. The rebound force from the tires caused the
whole of the test vehicle to catapult back into the air, as
shown in Figure 7. Figure 6 shows the vehicle just prior to
the rebound action at T ≈ 0.35 s; Figure 7 shows the vehicle
just after rebound at T ≈ 0.5 s.

Figure 6. The Front Wheels Impact as the Car Pitches
Forward

The unfiltered accelerometer data that were logged during
the crash were used in conjunction with the high-speed video motion capture to generate a plot of the test vehicle’s
velocity during the crash event and is shown Figure 8. The
crash event had a peak G load in the vertical direction (Z-
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Axis) of 243.77 G’s at T = 0.0017 s. Figure 9 shows the
impact force logged by the load cells located underneath the
platform used in the test. The peak impact force was
39,436.37 lbf and occurred at T=0.0083 s, which, as expected, correlated to the time shortly after the peak acceleration logged for the Z-Axis at T = 0.0017 s. Due to a processing error, raw data output for the load cells were unfortunately not saved. Thus, it was not possible to generate
filtered plots for direct chart comparison to the FEM results
later.

front suspension supports to fail. Damage to the roll hoop,
caused by the primary and secondary (i.e., rebound) impacts
during the crash are shown in Figure 10. The damage to the
front side of the driver’s cell appears to be superficial. No
other areas of the frame were observed to have sustained
significant damage.

Figure 9. Load Data

Figure 7. Rebound Prior to Second Impact

Figure 10. Roll Hoop Damage

Figure 8. Accelerometer Data

The chassis damage sustained from the initial impact was
minimal. While warping of the frame rails forward of the
driver’s cell did occur, the cause of that deformation was the
forward rolling motion of the vehicle after the initial impact.
This forward roll brought the tires into contact with the platform, as shown in Figure 6. The vehicle’s forward roll was
stopped when the front suspension mounting arms made
contact with the platform. This tertiary impact caused the

One last area of discussion regarding the CAPE test concerns the positioning of the Hybrid II dummy’s head. Immediately prior to the start of the test, with the test vehicle resting inverted on the ground, a measurement was taken to
determine the distance from the dummy’s head to a plane
tangent to the top plane of the tubes that form the Sprint Car
driver’s cell. This is of principal interest due to the wide
variance in safety rules dictating the distance between the
top of a Sprint Car driver’s helmet and the roll cage. The
measurement taken showed approximately 4.75 in. after
inversion. This gives a distance of 3.25 in. between the top
of the helmet and the inside top plane surface of the roll
cage. USAC mandates that the roll cage should extend “4
in. above the driver’s helmet when seated in the driving
position” [24]. Compliance with this rule prior to this drop
test was verified.
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The empirical results from the CAPE drop test and the
predictions for the FEM model were compared for maximum acceleration during the test and simulation. The results, as shown in Figure 11 and summarized in Table 2,
indicated a good correlation.

Figure 11. Comparison of Acceleration from Test Results and
Predication
Table 2. Comparison of Acceleration Test Results and
Predication

The plot in Figure 13 shows the contact loads calculated
during the ANSYS drop test filtered using a CFC 600 Butterworth filter with a cutoff at 1000 Hz. The peak load for
the duration of the analysis time was recorded as 45,664.85
psi. This high load was believed to be caused by the front
suspension members making contact with the platform without the added area of the front wheels from the CAPE test to
distribute that load. The primary and secondary impact
loads show correlation to the recorded test data. The primary impact load for the CAPE test was recorded as 39,468.37
psi and the ANSYS results output a calculated result of
40,715.33 psi for the correlated event. This gave an error of
5.52% for the primary contact load. There was significant
error in the FEM’s calculated minimum contact load directly before the crash event of 79.19%. The reason for this is
unknown, but was likely due to the material density difference between the FEM platform and the one used in the
CAPE test. It is also possible that the mesh control size imposed on the platform for the study contributed heavily to
the inaccuracy in the calculation of the minimum contact
loads.

ANSYS Drop Test
Signal

Az

% Error

Maximum G

271.2103624

9.72%

Minimum G

-67.73351743

6.19%

Figure 12 shows a comparison of the filtered and velocity
data from both FEM and CAPE filters using a CFC 180
Butterworth with a cutoff of 300 Hz. The CAPE data were
slightly out of shift, due to the difference in data start points
along with the necessity of locating the ANSYS a small
distance away from the platform. The error between the
peak velocities was expected based on the acceleration results in Figure 11. The FEM calculated a peak velocity of
27.74 mph (12.40 m/s), which gave an error of 8.50% relative to the CAPE peak velocity of 25.38 mph (11.35 m/s)
for the CFC 180 filtered signal. The error-to-peak impact
velocity reported earlier was significantly larger at 15.30%.

Figure 12. Comparison of Velocity from Test Results and
Predictions

Figure 13. Comparison of Load from Test Results and
Predication

The signal outputs discussed in the previous results sections were compared to the available CAPE baseline signal
through Power Spectral Density (PSD), as it was believed
that this would provide the best indication that signal correlation existed, if at all. Figure 14 shows the PSD plot for the
CFC 60 Butterworth filtered accelerometer channels with a
cutoff set at 100 Hz. The plot axis has been reduced to the 0
-250 Hz range, as this was where most of the significant
frequency data lay. The output from ANSYS is represented
by the red trace and CAPE by the blue. It appears that there
is a strong correlation between the 20 Hz and 50 Hz ranges
of the two signals. This lends strength to the argument that
the ANSYS FEA does represent an accurate model for the
CAPE drop test. Further review of the velocity frequency
data strengthens this argument, as the following plots show
even stronger correlations between the signal frequencies
(Figure 15). These data were generated by integrating the
CFC 180 Butterworth filtered accelerometer data per SAE J
121-1 with a cutoff at 300 Hz.
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impact, a second FEA of the same model was carried out
using a 37 mph (16.54 m/s) initial velocity. This velocity
was chosen because it had been the impact velocity on the
previous CAPE sled tests, and had constituted the velocity
used in a previous IUPUI research project examining a
Midget racecar chassis [21].

Figure 14. PSD Plot of CAPE and FEM Accelerations

Non-Modified Chassis, 37 mph: Figure 16 shows the FEApredicted deformation for the non-modified Sprint Car chassis undergoing a drop test with a 37 mph (16.540 m/s) velocity before impact. The plots in each frame of the image
show total deformation for all nodes and elements. The second and third frames show that the front roll cage support
buckled under the impact forces. There was also a considerable bending moment being placed on the horizontal rear
suspension damper mounting tubes located aft of the driver’s cell. The data were filtered using a CFC 60 Butterworth
filter with a cutoff of 100 Hz. The peak impact acceleration
was 523.41 G’s. This is on the order of, but not as large as,
either of the two CAPE sled tests, which recorded maximum G-loads of 716.20 [12] and 604.5 [13], respectively.
Due to time constraints, the analysis time was limited to
0.100 s. With this analysis of the baseline Sprint Car chassis, it was possible to compare the data to a standard Sprint
Car chassis with modified designs. Two further studies were
then conducted using modified chassis designs to evaluate
the possible influence that a crash attenuator would have on
acceleration and velocities during the crash event. A modified roll cage design, utilizing an attenuator structure, had
been developed previously by the IUPUI research team [21]
for a Midget chassis utilizing data from the two prior CAPE
sled tests.
Figure 17 shows where the attenuator tubes were attached
to the top plane of the baseline Sprint Car chassis in a vertical orientation. Each portion of the attenuator was the same
height relative to the top plane of the chassis. The tubes
shared the same wall outside diameter and thickness of 1.50
in. by 0.095 in. as the exterior roll cage tubes.

Figure 15. PSD Plot of CAPE and ANSYS Velocities

Additional Analysis

Chassis with an Attenuator, 19.03 mph: A comparative
analysis of a baseline Sprint Car chassis with the same original constraints and initial velocity of 19.03 mph was completed in order to assess the differences in peak acceleration
and velocities. Figure 18 shows the deformation response of
the Sprint Car chassis with the attenuator attached. Due to
the high angle of the chassis top plane, the attenuator, when
attached, extended from the top of the chassis at two different heights. The shortness of the analysis time prevented the
chassis from completing its roll forward onto the platform.

After the baseline chassis model had been correlated
against the CAPE drop-test results, which had a 19.03 mph

The crash acceleration comparisons of the baseline Sprint
Car chassis without an attenuator attached at the same 19.03

The comparison of empirical results and FEA modeling
indicates that the FEM model constructed and the analysis
approach taken correlated well with the test data from the
CAPE drop test. This builds a foundation for using the model to examine possible modifications to the cage design,
which will now be investigated.
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mph (8.51 m/s) initial velocity indicated a maximum acceleration for the impact of 166.14 G’s for the attenuator model. That is a difference of 38.74% (94 G’s) for peak impact
acceleration between the baseline chassis and the attenuatorequipped chassis.

Figure 18. Deflections for Chassis with an Attenuator, 19.03
mph Impact

Figure 16. Deflections for Baseline Chassis under 37 mph
Impact

Figure 17. Attenuator Drawing

Chassis with an Attenuator, 37 mph: Figure 19 shows the
deformation of the chassis equipped with an attenuator undergoing a crash with an initial velocity of 37 mph (16.54
m/s). The third frame shows that the front roll cage supports
buckled under the impact forces after the complete deformation of the attenuator in frame two. This failure mode
was similar to the one shown for the baseline chassis without an attenuator. The peak acceleration for the attenuatorequipped chassis at 37 mph was 177.16 G’s, which was
345.65 G’s less than the baseline chassis (523.41 G’s) without an attenuator. This is a 66.15% decrease in peak crash
acceleration over the baseline chassis. Further review of the
velocity data revealed that the attenuated chassis’ peak velocity for the crash occurred significantly later than the
chassis which was not equipped with an attenuator. This
rapid increase in velocity is believed to be due to the chassis
rebounding from the platform. Even with the vast reduction
in crash acceleration, the chassis’ front roll cage supports
would apparently fail. As a result, an additional series of
FEAs were run in order to determine if slight modifications
to the driver’s cell had the potential to prevent the failure
mode without a giant leap in crash acceleration.

——————————————————————————————————————————————————–
ADVANCING MOTORSPORTS DRIVER PROTECTION USING MODELING AND TEST CORRELATION
43

——————————————————————————————————————————————–————

Figure 20. Modified Chassis A with New Tubes in Yellow

Figure 19. Deflections for Chassis with an Attenuator, 37 mph
Impact

Modified Chassis A with an Attenuator, 19.03 mph: Figure
20 shows the modified chassis with added tubes highlighted.
The modification included the addition of a 1.375 inch x
0.083 inch tube that connected the horizontal side impact
structure of the chassis to the seat rails and then onward to
the bottom frame rails at the rear-most transverse cross tube.
The figure shows its placement in detail highlighted with
yellow lines.
Figure 21 shows the deformation response for this further
modified chassis. There appears to be a marked improvement in attenuator deflection and, thus, energy absorption.
Notable results from this study are the further decrease in
peak crash acceleration for the top-plane impact and an increase in rebound velocity, as more energy is transferred to
the attenuator with the addition of the new support tube.
With a peak of 147.48 G’s, this configuration achieved a
45.62% reduction in peak crash acceleration.

Figure 21. Deflections for Modification A, 19.03 mph Impact

Modified Chassis A with an Attenuator, 37 mph: Figure 22
shows the modified chassis undergoing a crash with a 37
mph (16.50 m/s) initial velocity. Frame two of this figure
shows that full deformation of the attenuators occurred similarly to the baseline chassis equipped with an attenuator.
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The key difference in this version from the previous cases is
visible in frame three, which shows that the addition of the
support tube connecting the attenuator to the bottom frame
rails through the side impact structure allowed this chassis
configuration to survive the crash without as much deformation to the top plane of the roll structure. There was,
however, significant bending and warping of the lower rails
of the driver’s cell and rear end, as seen in frame three. The
peak acceleration for this crash event was 175.33 G’s, a
1.36% drop in peak acceleration as compared to the case
with the attenuator alone.

tion B chassis underwent for the crash study initiated with a
starting velocity of 19.03 mph (8.54 m/s).

Figure 23. Modification B Chassis with Alternate Tube
Positions Highlighted in Yellow

Figure 22. Deflections for Modification A, 37 mph Impact

Chassis Modification B, 19.03 mph: The final configuration
tested attempted to further increase the triangulation of the
Sprint Car roll cage by introducing an additional two 1.375
inch x 0.083 inch tubes to support and triangulate the side
impact structure. As a Sprint Car chassis is asymmetrical
across its longitudinal axis by design, the resulting chassis
modifications highlighted in yellow in Figure 23 reflect this.
Figure 24 shows the mode of deformation that the Modifica-

Figure 24. Deflections for Modification B, 19.03 mph Impact
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Frame two of this figure shows the forward attenuator
structure compressing towards the front of the vehicle under
forward weight transfer. This motion continues into frame
three and the final time step of the study, leaving the forward structure of the attenuator half crushed and the chassis
model halfway through a forward rotation. It became apparent that the increase in triangulation present in Mod B prevented the chassis rails from warping and, as a result, maximized the energy transfer to the rear attenuator structure
before the pitching moment occurred during the transition to
frame three. The resulting peak acceleration for the Mod B
chassis was the lowest of all of the studies at a maximum Gload of 60.70 G’s, a 76.62% reduction in peak acceleration
over the non-attenuated baseline chassis. The results of this
study are significant, so much so that this study was reevaluated twice to ensure accuracy before moving forward.
Chassis Modification B, 37 mph: The final study completed
in this series was the evaluation of the Mod B chassis during
a crash with an initial velocity of 37 mph (16.54 m/s). Based
on the results in previous section, the expectation for this
study was a reduction in peak crash acceleration; however,
the opposite occurred. Figure 25 shows Mod B’s chassis
deformation during the crash study. After an intense review
of the deformation footage in ANSYS Mechanical, it appeared that, due to a significant increase in initial velocity,
the rearward attenuator structure collapsed before forward
weight transfer caused by the weight distribution of the vehicle could pitch the chassis forward, as was observed in
frames two and three of Figure 24 in the previous case. This
caused the momentum of the engine, whose mass was connected to the front roll cage tubes, to carry its momentum
down and directly towards the platform. This was unlike the
previous tests in which the rear attenuator structure collapsed at a slower rate and, thus, allowed for the momentum
of the vehicle as a whole to pitch forward. The result was a
complete collapse of the forward attenuator structure and a
large increase in peak crash acceleration to 350.43 G’s.
While this is still 33.05% less than the baseline chassis, it is
a 49.28% increase over the attenuator-equipped chassis and
a 49.96% increase when compared to Mod A. It should be
noted that the previous IUPUI study [21] utilizing the Midget chassis and the sled-test data [11-13] had arrived at a conclusion that stiffening the chassis could actually cause an
increase in the G levels experienced in the crash scenario,
despite use of an attenuator. That study concluded that the
most beneficial modification examined was the addition of
an attenuator to the baseline chassis.

Discussion
Based on the results of the 19.03 mph (8.54 m/s) correlation study between the ANSYS FEM and the empirical

CAPE drop-test results, there is a strong indication that the
FEM can accurately predict the contact loads, peak velocities, and crash accelerations with a mean error of 9.11% for
maximum acceleration and velocities. This is significantly
better than originally expected when the use of line body
elements was dictated due to project constraints. Based on
ANSYS documentation and industry standard practices with
regards to mesh size and model accuracy, it is conceivable
that this error could be further reduced through an increase
in mesh density or conversion to shell and solid elements
[25].

Figure 25. Deflections for Modification B, 37 mph Impact

Based on the results of using the correlated FEM to examine alternate chassis configurations, there is a significant
case for equipping Sprint Cars with attenuator structures,
possibly in conjunction with some chassis stiffening. This
point is illustrated in Table 3, which summarizes the calculated percent change in the experienced G load used to evaluate all alternate chassis designs against the baselinecorrelated Sprint Car chassis.
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Table 3. Summary of G Loads and Percent Reduction
Chassis Configuration

Max G Load Experienced
19.03 mph



37 mph

G’s

%Red

G’s

%Red

Baseline

271

0%

523

0%

Baseline w/Attenuator

166

-38%

177

-66%

Mod A w/Attenuator

148

-46%

175

-67%

Mod B w/Attenuator

61

-77%

350

-33%

The table shows that the simple addition of an attenuator
to the pre-existing chassis design resulted in a significant
reduction in maximum G load experienced. However, when
the correlation model was extended to compare the FEAs
completed for the 37 mph (16.54 m/s) impacts, it appeared
necessary to forego the use of the baseline chassis and attenuator, as the baseline chassis in either configuration failed to
survive the 37 mph (16.54 m/s) study without the buckling
of the front roll cage supports. Therefore, when considering
a recommendation for the best chassis configuration, Modification A appears to be the best choice. It is worth noting
that the results of the 37 mph (16.54 m/s) studies showed
correlation to previous research completed by the authors
and others on Midget race cars. That research found that the
addition of an attenuator to a baseline (standard) Midget
chassis reduced overall crash accelerations by 68%, as compared to a non-attenuator-equipped Midget chassis [21].
Modification B showed potential, based on its reduction
in maximum G load at lower velocity impacts. However,
further analysis is needed to determine if the dynamic behavior of the Modification B chassis configuration is consistent as initial velocity is varied from low speed (< 19.03
mph) to much greater than the 37 mph initial velocity. If the
dynamic response of the Mod B chassis, as previously discussed, does indeed persist beyond the 37 mph collision
speed, research should focus on the effect that an increase in
front attenuator stiffness has on the peak crash acceleration.
The hypothesis is that an increase in front attenuator stiffness will net a reduction in the peak crash acceleration and
velocities for high-speed crashes; however, this may result
in an increase in peak acceleration for low-speed impacts.

Conclusions



Correlation between drop-test empirical data and
Finite Element Model predictions was strong.
Using a correlated model of a Sprint Car chassis to
examine alternate configurations indicated that an
attenuator added to the top of the roll cage signifi-



cantly reduced the G loads experienced in a top-plane
impact crash.
Performance of an attenuator design correlated well
with the results determined previously, which utilized
a different chassis and analysis approach, further
supporting the viability of an attenuator design.
Stiffening of the chassis affected the ability of the
attenuator to perform the job of reducing G loads
and, therefore, any additional chassis stiffening must
be carefully considered.
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GASOLINE VAPOR LIQUID EQUILIBRIUM USING
THE PENG ROBINSON EQUATION OF STATE
AND RACHFORD-RICE EQUATION
——————————————————————————————————————————————–————
Mebougna L. Drabo, Alabama A&M University; Marcus D. Ashford, University of Alabama

Abstract
By utilizing an equation of state (EOS), both the liquid
and vapor phases of a fluid or mixture can be described.
This can be accomplished by using the Peng-Robinson
EOS. Such an application of state is presented here. Also
included is the computation of vapor-liquid equilibrium
(VLE) as well as an estimation of pure component properties. In this study, a flash distillation problem for a mixture
of hydrocarbons (n-butane, isopentane, toluene, iso-octane,
and decane) was solved using the Rachford-Rice equation.
The phi-phi technique, utilizing the Peng Robinson EOS as
a basis, was used to calculate the equilibrium constants. All
results were in agreement with those given by the National
Institute of Standards and Technology (NIST) Thermophysical Properties of Hydrocarbon Mixtures database
(SUPERTRAPP Software).

matically compensate for the difference in volatility of the
gasoline. These onboard computers are usually programmed
to assume certain scenarios like hesitation fuel. Hesitation
fuel is the lowest volatility fuel typically expected to be
found in the fuel supply. Consequently, fueling can be 1020 times the stoichiometric amount [2-4].
The problem of fueling inaccuracy is not limited to the
cold-start transient, but also can occur in engines at operating temperatures, where some of the injected fuel joins intake port and in-cylinder fuel films. The fuel film’s mass
and mass rate of change are functions of pressure, temperature, and fuel composition. When throttle-opening transients
occur there is an increase in pressure; this causes the film
mass to grow and a lean excursion to be created unless additional fuel is injected to compensate for this. However,
throttle-closing transients cause rich excursions, due to the
decrease in fuel film mass.

Introduction

Fuel Major Component Model

The automobile is one of the most depended on machines
of the 21st century; it has affected how we live in both positive and negative ways and has changed human society as a
result. With an ever-increasing number of automobiles being used on American roads, it has been found that automobiles are significant contributors to the emission of hydrocarbons (HC) nationwide. The U.S. Environmental Protection Agency (EPA) in 2012 found that volatile organic compounds (VOC) emitted by highway vehicles contributed
20% to the total national emission, second only to industrial
processes [1]. High hydrocarbon emissions occur when automobiles undergo transient operation, in particular when
cold-starting. During a cold-start, there is a rapid change in
pressure and temperature which causes HC to be emitted. It
has also been found that 60-95% of HC emissions are tailpipe emissions [2-4].

To carefully design a multi-component fuel that would
model California’s Phase II gasoline, researchers from the
Massachusetts Institute of Technology (MIT) divided hundreds of gasoline components into various groups based
upon the carbon number and the type of organic compound
(alkanes, alkenes, aromatics, etc.). After being separated,
the components in the various groups were characterized by
species with the greatest abundance of the group. That particular species carries the weight percentage for the whole
group. The distillation curve that resulted from 15 component fuels was compatible with California’s Phase II reformulated gasoline actual distillation curve [4].

The geographical origin of gasoline is an important factor
when it comes to its volatility; this is also affected by the
seasonal blend of the gasoline. Dependent on the fuel type,
the amount of fuel vaporization varies accordingly and may
lead to the need to over fuel in order to generate a combustible mix. Most engine controllers are not programmed to
recognize the type of fuel in use and, therefore, cannot auto-

In a study conducted at Doshisha University to model the
evaporation process for multi-component fuels, Senda et al.
[5] discovered that hydrocarbons having lower boiling
points evaporate at temperatures greater than their own boiling point and hydrocarbons with higher boiling points actually evaporate at temperatures lower than their own boiling
points. It is apparent that heavier hydrocarbons inhibit the
evaporation of lighter hydrocarbons. For temperatures lower
than 60oC, the relatively small percentage of light hydrocarbons was constricted in the mixture by heavier hydrocar-
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bons and, thus, vapor condensate was not able to form [5].
The major component fuel was formulated for modeling the
evaporative process of multi-component fuels and was not
formulated to copy the composition of standard commercial
gasoline.
A major component fuel model for the Active Vapor Utilization System (AVUS) testing was formulated to contain
25% isopentane, 22.5% iso-octane, 17.5% toluene, 17.5%
heptanes, and 17.5% hexane by volume. It was tested with
AVUS and the production rates of the condensate were similar to that of commercial gasoline. This fuel contained
45.5% light ends, while MIT fuel contained about 43% light
ends. The mix of light hydrocarbons was also similar; however, the MIT fuel contained a very small percentage of
heavier hydrocarbons that the UA (University of Alabama)
fuel did not. The UA five-component fuel should simplify
analysis, while reasonably mirroring commercial gasoline.
Isopentane, n-hexane, n-heptane, 2, 2, 4-trimethylpentane,
toluene, and ethanol were used to produce the UA fivecomponent fuel and its E85 variant [6].
A comparison of various fuel compositions [4], [5], [7] is
shown in Table 1. The components are categorized by carbon numbers and aromatics. Researchers from MIT added
13% methyl tertiary butyl ether (MTBE) to the fuel to increase octane rating. MTBE is listed under C5 for fuel comparisons.
Table 1. Comparisons of Major Component Fuels by Carbon
Number
SantosoMIT
(% mol)

SendaDoshisha
University
(% mol)

C4

2.0

4.0

C5+MTBE

29.6

35.0

28.2

C6

10.6

12.0

17.3

C7

11.9

6.0

15.5

C8

16.1

12.0

17.6

C9

2.6

C10

0.7

C11

0.4

C12

0.3

MTBE

13

Aromatics

25.8

Component

UA Fuel
(% mol)

Problem Statement
Several techniques for estimating fuel volatility at engine
operating conditions have been developed. The majority of
these models utilize surrogate fuels with a restricted number
of components (<20) to represent gasoline [4], [8], [9]. The
principal purpose of this current study was to develop an
algorithm that can compute fuel volatility via the principles
of phase equilibrium. More specifically, if the liquid fuel
composition is known, the algorithm will calculate the composition of liquid and vapor fuel at any given temperature
and pressure. The problem statement is illustrated schematically in Figure 1.

Figure 1. Depiction of the Problem Statement

The basic algorithm is comprised of two modules: a cubic
equation of state for predicting phase equilibrium and the
Rachford-Rice equation to determine fuel composition. The
1978 version of the Peng-Robinson Equation of State (EOS)
(hereafter referred to as PR78) was employed for phase
equilibrium calculations [7], [10].

Estimation of Pure Component Properties
The Peng-Robinson equation of state (PR EOS) originally
developed in 1976 [7] was proposed in order to satisfy the
following objectives:
 Parameters had to be “expressed in terms of the critical properties and the acentric factor” [11].
 Provide reasonable accuracy near “the critical point,
particularly for calculations of the compressibility
factor and liquid density” [11].
 A single binary interaction parameter is required for
the mixing rule that is independent of composition
and temperature pressure.

The PR78 Model
For a pure component, PR78 is given by Equations
(1)-(5b).
30.0

21.4
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P

where,

ai  T 
RT

v  bi v  v  bi   bi  v  bi 

R  8.314475

J
mol  K

(2a)

RTc ,i
Pc ,i

(2b)

bi  0.07780

ai  0.45724

 RTci 
Pci

Tr 

2



where, N represents the number of components in the mixture and zk the mole fraction of component “k” in a mixture.
More information about Equation (6) can be found in the
study by Vitu et al. [13]. Also, kij(T) is the binary interaction parameter describing molecular interactions among
molecules “i” and “j” [13], when i = j, kij = 0.

(1)



1  mi 1  Tr 



2

In order to get a predictive model and to describe PR78,
kij, which relies on temperature, was determined by the contribution method of Equation (7) [12], [13]. The binary interaction parameter is given in Equation (7) [13-26]. The
PR78 model was defined by Equations (1)-(7). In this study,
the elementary groups considered are shown in Table 2.

(3)

Table 2. Elementary Groups

T
T c ,i

(4)

Group

Molecule

1

CH3

2

CH2

3

CH

4

C

5

CH4

6

C2H6

7

CHaro

8

Caro

9

CfusedAro

10

CH2cyc

and,
if wi > 0.491:

mi  0.379642  1.48503wi  0.164423wi  0.01666wi (5a)
2

3

if wi ≤ 0.491:

mi  0.37464  1.54226wi  0.26992 wi

2

(5b)

where, P is the pressure; T the temperature; v is the molar
volume; R is the ideal gas constant; w is the acentric factor;
Pc is the critical pressure; and, T c is the critical temperature
[12].
PR78 was used in this study. To apply this EOS to mixtures case, classical mixing rules were utilized in order to
compute the values of interest in the mixture (a and b). The
mixture (a and b) is given by Equation (6):
N

a
i 1

N

z z
j 1

i j

(6)

b   zi bi
i 1


N
1
   k g1
2

kij 

 Bkl



Ng
l 1


 298.15  Akl






 ik jk  il jl   T 

2

CHcyc,Ccyc
CO2

13

N2

An example for n-butane divided into groups can be
found in the study by Drabo [27]. More details on αik,
Akl=Alk, and Bkl=Blk can be found in the study by Privat et
al. [12]. Further descriptions of obtaining Akl and Bkl can be
found in studies by Jaubert & Coniglio [14], Jaubert &
Mutelet [15], Jaubert et al. [16-18], Privat et al. [20-23],
Privat & Jaubert [24], and Qian et al. [25].

ai a j 1  kij T 

N

11
12

 a T   a T  
i


1


2
 

a
T
a
T




j
 i


  bi
bj 

 

(7)

j

bi  b j
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Vapor-liquid Equilibrium

where, ϕvi is given by Equation (15)

The vapor-liquid equilibrium of a mixture can be computed using PR EOS. The liquid and vapor mole fractions are
related by Equation (8):

A related expression was obtained for the liquid phase
fugacity coefficient, ϕli, by changing the gas phase compressibility factor, , Z vi, with Z li. These compressibility factors are the largest and smallest roots of Equation (9). As a
final point, a flash calculation was performed in order to
obtain the vapor fraction by using the Rachford-Rice equation. This famous equation is given by Equation (16):

yi  Ki xi

(8)

where, Ki is the equilibrium constant.

C

The PR EOS is part of a family of equations referred to as
cubic because the compressibility factor (Z), given by Equations (9)-(13), which is a key in the cubic equation of Equation (9), written for a multi-component mixture, where the
mixing and combining rules have been used:

Z 3  1  B  Z 2   A  3B 2  2 B  Z    AB  B 2  B 3   0
(9)
where,
C

A

C

C

j 1

i 1

 yi y j Aijor 

i 1

Aij   Ai Aj 

0.5

C

x x A
j 1

i

j

1  k   0
ij

C

C

i 1

i 1

B   yi Bior  xi Bi  0



ij

0

(10)

(11)

(12)



2
PT 2
PT
Ai  0.45724  1  mi 1  Tr   ci 2 andBi  0.07780 ci

 PciT
PciT

(13)
and where, mi can be obtained from Equations (5a) and (5b)
and the binary interaction parameter, kij from Equation (7).
Equation (14) describes the equilibrium constant. The
equilibrium constants are obtained using the phi-phi method:

Ki 

l
fori  1toC
v
i

i



v  exp   Z v  1
i




(14)

zi  Ki  1
0
i  1

1  K
i

(16)

where, z i is the mole fraction of component i in the feed.

Results and Discussion
In order to test the precision of the algorithm, its predicted fuel mixtures were inputted into the NIST SUPERTRAPP [28] vapor-liquid equilibrium program in order to
compare calculated HC concentrations. Tests were conducted with different mixture blends. The proposed mixture
ingredients were butane, isopentane (methylbutane), toluene, iso-octane (2, 2, 4-trimethylpentane), and decane, chosen because they collectively account for the majority the
content of commercially available pump gasoline. In addition, these components cover the majority of the boiling
point range of gasoline. The fuel blend was tested at a temperature of 300 K. The pressure was held constant at 100
kPa throughout all the tests. This was done because the initial pressure for engine starts is usually atmospheric pressure. The SUPERTRAPP computations were considered the
reference standard, as its precision has been verified in studies by Santosa & Cheng [4] and Cowert & Hamilton [29].
The results of the simulation can be found in Tables 3 [27]
and 4 [27]. Tables 3 and 4 show the SUPERTRAPP and the
algorithm simulation results for the mixture.
The vapor composition for n-decane showed an order of
magnitude of 10-5, which was very small compared to other
fuels, which can be explained by the fact that a temperature
of 300 K is much lower than the n-decane boiling point.
Therefore, absolute error, even though small, would result
in a significantly higher percentage of error. Tables 5 [27]
and 6 [27] show 1-Kij values for different hydrocarbons.
Table 5 was obtained using the algorithm and Table 6 was
obtained using SUPPERTRAP software.








Bi
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Table 3. SUPERTAPP Simulation Results for the Mixture
(n-butane, isopentane, toluene, 2, 2, 4-trimethylpentane
224TMP, and n-decane) at 300 K and 1 bar

Table 6. 1-Kij Values for Hydrocarbon Values Obtained using
SUPERTRAPP Software
Isopentane

Toluene

224TMP

n-decane

n-butane

1

0.997

0.995

0.986

1.003

Component

Feed

n-butane

0.33

0.306405

0.023594

isopentane

0.165

0.160221

0.00478

Isopentane

0.997

1

0.996

0.992

1.010

toluene

0.165

0.164692

0.000307

Toluene

0.995

0.996

1

0.979

1.012

2,2,4trimethylpent

224TMP

0.986

0.992

0.979

1

1.018

0.175

0.174555

0.000444

n-decane

1.003

1.010

1.012

1.018

1

n-decane

0.165

Vapor
(mole fraction)

nbutane

Liquid
(mole fraction

0.164989

1.09551*10

-5

Table 4. Algorithm Simulation Results for the Mixture
(n-butane, isopentane, toluene, 2, 2, 4-trimethylpentane
224TM, and n-decane) at 300 K and 1 bar
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Abstract
In this study, the authors developed a method for characterizing and localizing foreign body impacts using a spiral
sensing technique followed by the Probability Map of Impact (PMOI). Localized placement of sensors, using the
geometric configuration of the Theodorus spiral (TS), was
proposed; through active comparisons, the authors report
that TS was found to be superior to conventional sensor
clusters under velocity-free impact detection. A statistical
classifier was also proposed to enumerate PMOI for impact
characterization. Impact events were detected by minimizing an error function from all possible combinations of sensor clusters from TS. All possible combinations of impact
data were then plugged in to a statistical classifier that utilized Mahalanobis distance to obtain the PMOI. PMOI provides a map of probable impact on the entire structure,
which improves the inspection methodologies that are essentially carried out by the maintenance personnel. If a lowvelocity impact causes incipient damage in the structure,
prior knowledge of the type of impact will reinforce the
finding from an active SHM system. This process will lead
to reliable verification of an active system and will generate
confidence on the combined passive-active systems, without
any additional effort.

Introduction
Guided ultrasonic waves are frequently used to detect
damage in structures [1-3] by employing piezoelectric sensors. The defects in structures may originate from mechanical and/or thermal fatigue loading during operation [4], [5]
or due to foreign body impacts [6-8]. To reliably verify the
damage state, prior knowledge of the impact location and
the degree of impact are valuable for active-health monitoring systems. Thus, combined passive-active monitoring
systems were proposed for this study [9]. Current state-ofthe-art passive monitoring systems tend to report only the
exact location of impact. Passive monitoring systems are not
designed to report the type of impact (e.g., size and/or material properties of the impactors). Thus, the argument can be
made that having access to a suitable read-out tool that
could reliably estimate the impact events and the impact
type would be beneficial for developing a combined passive
-active system. It is important to judge the severity of dam-

age by an impactor; thus, it was reasoned, knowledge is
needed on the impact type. The proposed PMOI method
used in this study would be a suitable tool to use in the pursuit of the proposed goal. Probability of detection (POD) of
an active-health monitoring system is well studied in the
literature [10-12]; whereas, estimation of the probability of
an impact event on a structural component is scarce.
In most cases, accurate and pin-point coordinates of the
exact damage location are imperative, while an approximate
damage location would suffice and eventually would provide tentative guidelines to the maintenance personal for
further investigations. Hence, in this study, a Probability
Map of Impact (PMOI) was proposed. The proposed method would discretize the target structure into small pixels and
each pixel would obtain a representative PMOI value after
analysis. The contour map of the Probability of Impact
(POI) demonstrated the most probable location of an impact. Simultaneously, above a pre-determined threshold
value, geometric parameters associated with the PMOI map
revealed the information on the impactor. According to the
proposed method, PMOI was introduced not only to quantify the accuracy of a passive system but also the accuracy of
the estimated impact location. Once the PMOI was obtained
from the proposed approach, the region of the structure that
manifests POI > x% can be further investigated with the
same set of sensors in the active mode. Here, x% was the
threshold value of the POI and can be problem dependent
(e.g., > 95% or 98%) similar to the probability of detection
in the active mode. Hence, unlike current passive systems
that provide impact location without any probability of estimation, on the entire structure, PMOI automatically provided the landscape of probability distribution, revealing the
impact location and possible size of the impactor, if precalibrated.
Generally, a network of piezoelectric (PZT) transducers is
used to develop a real-time SHM system using a combined
active-passive system [9] or simply a passive system [6],
[7], [13-17]. In traditional active-passive mode, few PZTs
act as actuators and few act as receivers/sensors. In passive
the mode, the wave signals received by the sensors are analyzed to find the time of flight (TOF) of the first wave packet. Next, using a triangulation technique, the event location
is estimated [15]. But it has been found that the velocity
profile in the structure is the fundamental barrier for accu-
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rately locating the impact events. Over the last forty years,
many algorithms have been proposed for locating acoustic
sources. While it was impossible to review all of the primary principles, they were divided into three major techniques:
In the first group are hyperbolic positioning algorithms,
where the impact events are located by calculating the time
differences between different arrival times of the wave
packets captured by the sparse array sensors.

cept borrowed from the vibrational analysis was also proposed [24], where an order-analysis algorithm was used to
locate the damage in the plate without using the wave velocity profile. In this current study, the authors adopted an error
minimization approach and generalized the approach by
introducing a PMOI. In addition, in order to avoid multiple
issues related to symmetricity of the sensor cluster, a localized sensor cluster in a spiral pattern was proposed.

The most common approach to finding the impact location is to use the triangulation technique (also known as the
Tobias algorithm). In the Tobias algorithm, the impact
points are identified from three intersecting circles, whose
centers are located at the sensor position. This approach is
strongly limited by the assumption that the wave velocity
must be known and remains constant in all directions. Due
to the impact, flexural wave modes are actuated in the structure. The wave velocities in the structure are not constant
along all directions. Velocities of the wave modes are also
dispersive; i.e., they depend on the frequency of the propagating waves. However, in passive systems, frequencies are
the function of three factors: the size of the object, the nonlinear coupling between the object and the plate, and the
amount of energy imparted by the object and the actual energy transmitted into the plate.

Previously, impact location was obtained by optimizing
an error function formulated by taking the differences between theoretical and experimental sensor signals [21].
However, this proposed objective function had inherent
drawbacks with multiple singularities, which were later
overcome [22]. The optimization technique was further improved [25] and implemented, where the time differences
between two wave packets could be found using peak detection techniques [6], [7] and cross-correlation techniques
[26]. The precision of the methods discussed thus far are
limited by the dispersion of wave modes and noisy acquisition of sensor signals, which complicate the detection of the
exact time of arrival. In this study, the authors proposed a
method for automatic and accurate detection of the TOF,
based on the cross-correlation technique and short-term
Fourier transform algorithm. Only recently were sparse
clusters of sensors [27] proposed, where clusters of three
closely spaced sensors were distributed on the structure at
different locations. Each cluster of three sensors placed at
different locations on the structure was capable of bypassing
the necessity of the velocity profiles in the structure. Although novel, this method was bound to provide error, due to
fewer numbers of voting sensors. Hence, in this study, the
authors proposed spirally oriented PZTs for detecting the
impact signal.

In the second group is an inverse problem based on a system identification technique by using the transfer function
method [18]. Neural network- and genetic algorithm-based
approaches were proposed [19], [20] for impact detection.
Unfortunately, from a computational and data-storage point
of view, such procedures require an extensive number of
training data, which makes the method slower. In the third
group are the direct strategies, which allow the location of
the wave source to be detected by capturing the wave direction of propagation without the prior knowledge on the
TOF. This method requires anisotropic transducers capable
of revealing the direction of the incoming waves. Hence,
transducer rosettes comprised of Macro-Fiber Composite
(MFC) transducers were proposed [13], [16] for impact
classification.
To locate the impact and also the velocity-free estimation
of impact location, some researchers have proposed a dispersion-compensation method for the guided waves generated in the plate. A passive monitoring technique, based on
dispersion compensation [17], [21], [22], showed that the
velocity profile of the guided wave in a plate was not necessary when a sensor cluster of three sensors was used. It was
concluded, nonetheless, that the accurate selection of the
time of flight is fundamental and has been a manual process.
A rapid and velocity-independent damage-localization approach (for active systems) was proposed [23]. A new con-

To the best of the authors’ knowledge, none of the passive
techniques presented in the literature take advantage of the
special orientation of the PZTs. However, a few examples
of spiral sensing can be found in the literature that primarily
discuss active-health monitoring systems [28], [29]. Localized clusters of multiple combinations of three sensors with
variable arm-lengths produce Theodorus Spiral (TS) patterns of sensors at close proximity such that the distant impact event can be monitored with increased reliability. This
feature of spiraling was very helpful for the impact point
location in both isotropic and anisotropic plates.

Theodorus Spiral (TS) Sensing
Also proposed in this study was a local sensor network, as
opposed to a distributed sensor network, which could provide PMOI with quantified reliability for a passive monitoring system. The primary reason for proposing TS was to
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improve the number of unbiased voting elements. TS geometry starts with a right-angle triangle at the origin, O, and
propagates in a spiral network of contiguous right-angled
triangles that are constrained by the origin and its unit projected normal. Figure 1 shows how the projected normal
from the origin and the angles between two vertices of the
spiral with respect to the origin varies. The angle can be
obtained from Equation (1),

 1 

 n   k 1 arctan 
 , n  0,1, 2,
 k
n 1

(1)

and the change in angle viz from Equation (2):

 1 

 n

 n 1   n  arctan 

forming techniques that use pitch catch and differential arrays to detect damage location.
While comparing TS to
conventional sensor clusters with geometries like circles or
squares, it is easy to see from Figure 2 (b) that inherent
symmetry exists among the discrete sensors in circle or
square clusters with respect to an incident wave front. This
is the same case for other linear sensor arrays. Opposite
mode vectors would have symmetric components defined
by Equations (4) and (5):

(2)

k1sinθ = k2cosθ

(4)

k1cosθ = k2sinθ

(5)

where, and are wave vectors passing through the centers of
the top left and top right sensors. And kn is considered as
the nth mode vector that passes through the center line with
respect to the cluster.

The layout of the TS can be written using Equation (3):

i
k
T  e    k 1
, e  1
i
1
k  e 1
1

(3)

where, e is the nth of the vertices of the spiral (i.e., the nth
sensor) of the TS sensor cluster. This function is called the
Theodorus function in honor of Theodorus. The function
maps the vertices of the spiral towards the origin as e decreases from ∞ to 0, and away from the origin as e increases.
The importance of TS geometry for passive sensing is the
distinct location of its vertices. No two vertices are symmetric in any way, because vertex location is determined by the
angle function θn in Equation (1) and radius function T(e) in
Equation (2). As shown in Figure 2(a), the projected dashed
lines along each hypotenuse of the right-angled triangles in
TS do not overlap, confirming the distinctness of the vertex
positions. The vertices are useful for strategic discrete sensor placement in the design of unbiased voting elements of
sensor clusters. Signals obtained from such sensor clusters
are mutually exclusive, thereby assuring the efficient use of
discrete sensors as well as robust characterization of an
event.
Although mutually exclusive signals can also be acquired
by random placement of sensors, TS facilitates an organized
and clustered layout which, in turn, helps wiring and connection of the sensors to hardware for practical applications.
TS confirmed its usefulness in characterizing impactor’s
material property [30]. TS is also applicable for beam-

(a) Projected Tangents and Changing Angle θ

(b) The Spiral of Theodorus Displaying the
"Construction of Anderhub"
Figure 1. Constructing a Theodorus Spiral (TS)

The mode vectors displayed in Figure 2(b) pass through
the center of the sensors marked in black. The chirality of
the TS has no symmetry in sensing a particular mode. For
wave vector kn, a circle or a square cluster will have three
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sensors collinear with this same wave vector, thereby making two of the three sensors redundant under any circumstances. However, the TS sensor cluster has only one sensor
collinear with the wave vector. The TS can overcome the
situation of redundancy because all of the discrete sensor
positions are non-symmetric and unbiased.

(a) Projected Non-Overlapping Hypotenuse Lines

acoustic emission, such as an arbitrary impact event, could
travel from any direction with any dominant mode and also
be mixed with noise or other impact events. It becomes necessary to implement a device that can sense a range of wave
modes through unbiased voting. This, in return, makes the
solution cheaper because some of the hardware channels
that are dedicated in circle and square geometries are found
to be redundant. However, the TS makes all sensors valuable by using the same number of sensors in a cluster.
In this study, the authors verified their proposed method
of using an isotropic Aluminum 5xxx plate. Eighteen passive sensors were arranged in a TS pattern on an Aluminum
5083 plate. To accurately capture the time of arrival, a cross
-correlation technique was used. Multiple three-sensor combinations were employed and an optimization technique via
minimization of error between the theoretical and the experimental time of arrival was performed to find the impact
location. It was found that the impact points obtained from
multiple combinations of sensors were quite diverse and a
single impact point could not be obtained. Therefore, a statistical analysis was performed in order to find the probable
direction of the impact point. The most significant feature of
this approach was that it showed a directional range of probable locations of the impact. This feature will be very helpful for the critical area of the structure, where placement of
sensors might not be possible.

Experimental Setup
The experiment was conducted on an isotropic aluminum
plate, 609 mm × 609 mm. Eighteen piezo-electric sensors
were adhesively bonded with the surface in the TS orientation, as shown in Figure. 3.

(b) Redundancy due to Symmetry and Inline Sensors
of a Circle and Square Sensor Clusters Compared
with Nonsymmetry and Nonoverlapping
Hypotenuse Networks of the TS
Figure 2. The Distinctness in the Vertices of the TS

Equations (4) and (5) show how two symmetric mode
vectors in a circular (CSC) or square sensor cluster (SSC)
can be decomposed into their orthogonal components to
confirm that they are mere images of one another. This
means that symmetric sensors will be unable to capture mutually exclusive data sets. For CSC and SSC, more than half
of the sensors acquire biased information. Such inefficiency
can be overlooked in active-health monitoring where beam
forming, pulse-echoes are implemented for damage inspection. However, in passive monitoring, signals from an

Figure 3. Experimental Setup and Piezoelectric Sensors
Mounted on an Aluminum Plate in the TS Pattern
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Multiple objects were used to carry out the experiments,
as shown in Table 1. The diameters of the objects were 12.7
mm. Additionally, a steel ball (~185 GPa) with a diameter
of 5 mm < 12.7 mm and a golf ball (~0.3 GPa) with a diameter of 43 mm > 12.7 mm were used. These balls were
dropped on the plate from different heights to keep the impact energy constant. The ball drop height was 18.5 inches
for the steel ball and 11 inches for the golf ball.

four sensors at a time and all of the sensor signals were verified.

Table 1. Different Impact Objects
Material

E. Modulus
(GPa)

Density
(Kg/m2)

Poisson’s
ratio

Stainless Steel

200

7750

0.29

Titanium

103

4521

0.37

Aluminum 2024-T3

72

2780

0.33

Marble

30

2685

0.23

Polytetrafluoroethylene
(PTFE) aka Teflon

0.5

2214

0.46

The arrangement (see Figure 3) was made such that it can
control the ball drop height accurately. To avoid multiple
bounces of the ball during its vertical line of drop, the plate
was kept at a slightly inclined angle. In this paper, the authors report the results of the PMOI from the 5 mm diameter
steel ball and the 43 mm diameter golf ball, whereas the
classification of impact was performed using all of the objects used during the experiments. Sensor 1 was located at
the center of the plate (152.4mm x 152.4 mm in the redefined coordinate system, where 0,0 was located at 152.4mm
x 152.4 mm away from the bottom left corner of the plate).
Repeated experiments were carried out to verify the consistency of the signal and achieve reliability of the sensor/
hardware system. Multiple locations were tested with impacts. Impact experiments, with each impact object at each
impact location, was repeated 10 times (see Figure 3).
Due to an abundance of data, an analysis was performed
on the average signals obtained from two different impact
locations—location A (254.0 mm x 254.0 mm) and location
B (50.8 mm x 254.0 mm), using 5 mm steel balls and 43
mm golf balls. Sensors 1-18 (denoted as S1-S18) represent
the locations of the piezoelectric sensors. The signals at the
sensor points were received using an NI PXI-5105, 3 8-Ch
(3x8<18), 60 MS/sec digitizer. Simultaneously, in order to
re-verify the signals (see Figures 4 and 5) a Tektronix TDS
2004C oscilloscope was used. Sensors were connected with
the digitizer using an SMB-type cable at the digitizer end
and an SSMA-type cable at the senor end. A splitter (SSMA
cable splitter and then SSMA to BNC) setup was used to
split sensor signals in order to send to the digitizer and the
oscilloscope simultaneously. This arrangement was used for

Figure 4. Passive Signals from all of the Sensors Organized in
the TS when a Steel Ball (shown in Figure 2) Impacted the
Plate at a Distance of 5.6 in. from the Center of the Spiral

Figure 5. Passive Signals from all of the Sensors Organized in
the TS when a Golf Ball (shown in Figure 2) Impacted the
Plate at a Distance of 5.6 in. from the Center of the Spiral

From the sensor signals, the time of arrival (TOA / TOF)
could be obtained through signal processing. It was quite
difficult to measure the exact TOA from the time history
signals because there were ambiguities in selecting exact
TOAs, as arrival of the first symmetric mode (S0) was hidden inside the noise. Therefore, the exact TOA of the S 0
mode could not be determined. However, the TOA of the
relatively stronger flexural mode, A0, could be obtained
from the plots by employing the cross-correlation technique.
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First, arrival of the ultrasonic energy was recorded using the
threshold from the first noticeable peak greater than the
noise level. The dominant frequency in the signals received
during first 150 µsec was obtained at different time windows using the Short-Term Fourier Transform (STFT) technique. Next, composite tone burst signals made of dominant
frequencies were created containing three cycles for each
frequency at a sequential time step (time windows) used in
the STFT.
A cross-correlated signal was then obtained by cross correlating original experimental signals and the composite
tone burst signals. First, predominant peaks observed from
the cross-correlated signals were selected and designated as
the TOA. Using the threshold technique, the TOAs were
also obtained and it was found that they were quite comparable within ~ 5% error. The automated cross-correlation
approach is depicted in Figure 6.

on one combination of three sensors out of 18P3 combinations. The time of arrival of the signal at the i th sensor can
be, viz, tit. If the time of impact in Equation (6) is t imp then
the propagation time for the wave starting from the impact
point to the sensor is given as:

ti  tit  timp

(6)

To define both tit and timp, the same time of reference was
used. If the coordinate of the sensor is (x i,yi) and the coordinate of the impact point is (x 0,y0) then the scalar distance of
the sensors from the point of impact can be written as
shown by Equation (7):

di 

 xi  x0 

2

  yi  y 0 

2

(7)

The time of travel of the wave to the sensor locations is
denoted as ti; and, if the velocity is c along the direction of
travel, Equation (7) can be modified and written as shown in
Equation (8):

d i  cti 

 xi  x0 

2

  yi  y 0 

2

(8)

In structural health-monitoring systems, the sensor location (x i,yi) is known, but the impact point location (x 0,y0) is
unknown. If the assumed coordinate values (x 0,y0) are different from the impact point, an error function E(x0,y0) with
a positive value may appear. If the assumption is correct
then the error function will result in a value of zero. Since
the exact time of arrival is often hidden in the noise, the
values obtained from the error function will have relatively
high error. The relative time of arrival was used, as shown
in Equation (9), instead of the actual time of arrival [22, 27]:

tij  tit  t jt   ti  timp    t j  timp   ti  t j
Figure 6. Process for Describing the Selection of Appropriate
TOAs from the Impact Signal

In a complicated structure, threshold techniques were
bound to give error and, thus, it was recommended to use
the cross-correlation approach. Further, to improve the accuracy of impact detection, a PMOI was introduced.

Objective Error Function
Sensors arranged in the TS were divided into multiple
combinations, keeping at least three sensors. All possible
combinations of three sensors could produce multiple error
functions and were minimized. The structure was discretized into small pixels with each pixel point receiving a vote
from all of the combinations. These votes were used to calculate the PMOI over the entire structure. Let us first focus

(9)

Here, i and j take on values for number of sensors. Equation (10), then, defines the relative TOA between the ith and
jth sensors and their ratios.

di d j di  d j
 
c c
c
2
2
1
2
2
 tij   xi  x0    yi  y0    x j  x0    x j  x0 
c
tij 





(10)

In a three-sensor system, equal importance is given to all
TOA measurements. The error function is defined after few
steps of mathematical simplification, as defined by Equation
(11). According to the formulation, the processes to estimate the location of the impact are not influenced by the
experimental error in any particular set of measurement.
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For a few unknown values of (x 0,y0), the denominator
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[subscripts i and j take values 1, 2, and 3] can vanish. For
those special values of (x 0,y0), the objective function becomes infinity. So, a special process was adopted during the
computation to avoid this singularity. The problem was
avoided by changing the expression of the error function
from Equation (12), to that described in Equation (12) [22]:

using Equation (12). Using the data from the varying sensor
combinations, a probability model was constructed which
could provide the most probable region of the true impact
and the equally probable regions of the impact.
The sensor combination estimated from the same true
impact showed a distinctive pattern. The data had a high
concentration near a central coordinate and a gradually decreasing frequency away from that central location. This
pattern was expected because for each experiment different
sensor combinations are supposed to measure the true impact point. Naturally, most of the estimated points would
cluster around the true impact point that is being measured
with fairly equal amounts of over and under estimations due
to natural randomness (sampling error), which is inherent in
any experimental measurement. This distinct pattern is a
classic characteristic of a Gaussian probability distribution,
which is most commonly used to model sampling error.
Therefore, the authors proposed to fit a Gaussian probability
distribution to the sensor data with the assumption that the
center of the distribution would represent the true impact
point.

(12)

A bivariate Gaussian distribution was fitted to the impact
point data (x(i),y(i)) obtained from multiple sensor combinations. The parameters of the fitted distribution were estimated from the sensor data. The mean coordinate provided
a point estimate of the true impact point. The scatter plot of
the sensor data in this study showed a significant level of
noise, hence the robust estimation approach for model finding was engaged.

Minimization of Equation (12) yields the pixel points
where the error was minimum and, therefore, the location of
the impact point was identified. It was expected that all
combinations would provide a very close estimation of the
points of impacts; however, a sparse distribution of impact
points was observed from all the combinations in the TS
sensor cluster. Sparseness of data was found to be impacttype dependent, and it was consistently found that the lower
frequency (large impact object) impacts had wider sparseness in data than the higher frequency (smaller impact object) impacts.

As explained, the variations in the sensor data that were
collected due to the impact at the true impact location were
due to the sampling errors. The most common probability
distribution for modeling such sampling errors is the Gaussian distribution, hence a bivariate Gaussian distribution to
model the sensor data coordinates (x(i),y(i)) was used. A
bivariate normal distribution was determined by the following parameters: the center (μx,μy), the spread or scatter
(standard deviations) (σx,σy), and the correlation between the
two variables, ρ. Specifically, if random variables (X ,Y)
follow a bivariate Gaussian distribution then the joint probability distribution is given by the density function, f viz, as
shown in Equation (13):

E  x0 , y0   t23  d1  d 2   t12  d 2  d 3  
2

t  d
t  d
31

2

 d 3   t23  d 3  d1  

12

3

 d1   t31  d1  d 2 

2

2

Probability Map of Impact
To measure a particular impact point, different sensor
combinations were used. Using the methods described earlier, the estimated true impact point from each combination
could be obtained. Let the estimated impact point from the
ith sensor combination be (x(i),y(i)), which can be derived

For and ─∞ < a < b < ∞

and

─∞ < c < d < ∞

P  a  X  b, c  Y  d    

bd

ac

f  x, y  dxdy (13)

where, the bivariate Gaussian distribution (μx,μy) can be
written as shown in Equation (14):
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For this current study, the center of the bivariate Gaussian
distribution (μx,μy), from Equation (14) represented the true
impact point. Precisely, it was assumed that the observed
impact point coordinates (x, y) followed a bivariate Gaussian distribution with the center or location parameter (μx,μy).
In practice, the center will be unknown and can be estimated
from the observed data. In fact, to find an appropriate bivariate distribution, it is required to estimate all of the parameters (μx,μy,σx,σy,ρ) from the TS sensor data. The classical
way of acquiring this is to use the mean-square estimation
method that minimizes an error function consisting of the
mean squared distance of the sensor coordinates from the
mean coordinates (comparable to the objective error function described earlier. This method, however, is heavily
influenced by the outliers.
Considering the variables (x,y) with n observations, where
the impact points obtained from each combination of three
sensors from the TS data points, the result is (Equation (15):
 x 1

X 
 x  n 

y 1 


y  n 

(15)

where, x(k) is the kth observation on x and y(k) is the kth observation on y. The classical mean-square estimation estimates the center or the location viz, as defined by Equations
(16a) and (16b):
T(X) = {arithmetic means,

x

1 n
 x k 
n k 1

(16a)

y

1 n
 y k 
n k 1

(16b)

And, classical mean-square estimation estimates the scattering in the data the sample covariance matrix given by
Equation (17):

ˆ xy 

n
1
 x  k   x   y  k   y 

n  1 k 1 

(17)

Both measures—Equations (16) and (17)—are significantly affected by the outliers and, hence, for data with high
noise, the classical method does not provide appropriate
measures of either location or scatter (standard deviations).

(14)

Some robust estimation methods with high break points
were incorporated for such special cases. The scatter plot of
the sensor data in this current study showed some outliers
and a significant amount of noise. Hence, the classical mean
-square estimation method may not have been the best approach for parameter estimation for the model. Thus, as
follows, a robust estimation approach for PMOI modeling
was used to incorporate the noise into the model. In order to
determine the “good” points and provide the final estimation of the location and the scatter from the filtered data,
further minimum volume estimation [31], [32] and the minimum covariance determinants methods [33] were used
along with the classical methods.
In the minimum volume estimation method, a subsets of h
points, which could be taken to be equal to [(n+p+ 1)/2] for
a p-variate Gaussian distribution, were chosen and the volume of the ellipsoid which contained the aforementioned
points were considered. The subset with the minimum volume was selected, the location T(X) was estimated by the
center of the ellipsoid, and the scatter (standard deviations)
were measured by the covariance matrix of those h points
(adjusted with a constant scale factor in order to achieve the
consistency in the multivariate normal distribution). Similarly, in the minimum covariance determinants method, a
subset of h data points was selected and the sample covariance matrix was calculated for each subset. The subset of
the covariance matrix with a minimum determinant was
selected and the arithmetic means of the points in the selected subset provided the location estimator T(X). The sample
covariance matrix (with adjusted scale) of the subset provided the estimation of the scatter.
The fit procedure [34] inherently employs the classical
minimum volume estimation and minimum covariance determinants methods to get estimated T(X) and C(X). Next,
the Mahalanobis distance for each observed data vector
from the estimated location was computed. The points with
Mahalanobis distances less than the 97.5th percentile of a chi
-square distribution with p degrees of freedom (for a pvariate Gaussian distribution) were considered to be the
“good” point [34]. The chi-square distribution is justified by
the underlying multivariate normal distribution since the
sum of the squares of the independent normal variables follow a chi-square distribution. The final estimated measure
of the location and the scatter was obtained from these good
points and was used in the actual fitting process.
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The actual model-finding process, on top of the core
methods explained above, was improved and adjusted. A
finite sample correction [35] was incorporated for the first
estimate. A fast-estimate algorithm based on minimum covariance determinants was used for initial estimation [32].
Further, a weighted estimation step was employed for the
final covariance estimate. In this step, the covariance estimate was weighted and the weights were based on the raw
minimum volume estimation estimates (described above)
and the raw minimum covariance determinant estimates
[36], which eventually resulted in greater efficiency.
The objective of the PMOI (probability map of impact)
was to estimate the probability of an impact on the entire
structure. Hypothetically, each pixel point (as divided) on
the structure had a possible chance of impact. The sensor
data should show a higher probability of impact near the
actual impact site and a lower probability away from the
impact site. A 3D probability distribution over the entire
structure was useful in visualizing the highest probability
zones with grades. Further, a contour plot of the projection
of the probability distribution revealed the equal probability
zones. For example, if one is interested in investigating a
structural region with 98% probability of impact, the contour plot can be used to identify the 98% equal probability
area that can be constructed from the sensor data. The results from the PMOI analysis are presented in Figures 8-10.
The point estimates of the true impact points from the fitted
distributions are shown in Table 2.

(a) Objective Function or Error Function Variation
for a Three-Sensor Set Plotted in Log Scale

Table 2. Impact Identification
Impact
Material

True Impact Point

Estimated Impact Point
from Sensor Data (center
of the equal probability
ellipses: T(X))

Steel Ball

50.8mm×254 mm

59.2 mm × 250.16 mm

Golf Ball

50.8mm×254 mm

54.90mm × 265.45mm

Steel Ball

254 mm × 254 mm

252.39mm×253.35mm

Figure 7. Objective Function and Impact Point Identification

Golf Ball

254 mm × 254 mm

253.6mm × 254.37mm

The minimum value of the error function can be obtained
by virtually meshing the entire plate. The coordinate of the
pixel point was selected at the global minimum of the error
function and was identified as a probable impact point.
Even after rigorous selection of the TOA and compensation
for an erroneous TOA, estimation of the impact point could
be away from the true impact points if the voting were taken
from a single cluster. However, according to the proposed
technique, such a dilemma can be avoided. Next, the statistical analysis was performed. All figures presented here
were 304.5 mm x 304.5 mm square at the middle of the
plate, considering that sensor 1 was at 152.4 mm x 152.4
mm.

Results and Discussions
A typical objective function—using Equation (12) for the
1st set of sensors, combination 1, i.e., sensor numbers 1, 2,
and 3—is plotted in Figure 7(a). The corresponding impact
location is shown in Figure 7(b) and was obtained from the
experiment and the simulation, though this is not discussed
in this paper, as it is not the objective of this study. It can be
seen that the impact locations was in very close agreement
and, thus, the method was validated.

(b) Impact Point Identification using Three Sensors
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The proposed statistical analysis was performed on the
data set obtained from the impact localization by virtue of
minimizing the error function. Figure 8 shows the typical
PMOIs that depict the impact on the plate with a steel ball
and a golf ball at locations A and B, respectively. The figures in the columns are presented in order to characterize
the impact type, and the figures in the rows are presented to
classify the impact location. Projection of 3D plots of the
PMOI at equal values of probability produced equal probability lines. The projections of the 3D plots on an x-y plane
were elliptical. Each ellipse represents an equal probability
region. Hence, a region of the plate was exposed to a certain
probability of impact. The center most ellipse is the most
probable region of the impact event. In Figure 8, the gray
ball signifies the actual impact point and the black star signifies the estimated impact point.

distributions and supposedly have an impact from a larger
object with larger contact area. A calibration curve can be
obtained from the FEM model, the experiment, and the statistical analyses in order to characterize the impact type.
Figure 8 shows that the center-most ellipse (lightest region) is the most probable region of the true impact point,
whereas the darker color represents a decreasing probability
of the true impact point. Figure 9 shows the projections of
3D PMOIs on the x-y plane, where the gray ball signifies
the actual impact point.

Figure 9. Projection of the PMOI Maps in at Every 10%
Change in Probability Calculated
Figure 8. Contour Projection Calculation of the PMOI Map

Figure 9 shows the equal probability lines. It can be seen
that the true impact point for all cases falls within the 95%
probability lines. From Figures 8 and 9, it is immediately
apparent that the major and minor axes of the ellipses representing the equal probability lines are impact-type dependent. Irrespective of impact type, the direction of the incoming wave with respect to the center of the spiral sensors is
inherent to the plot; this was achieved only due to the spiral
configuration of the sensors. Hence, using a single plot,
many comments can be made—e.g., the direction of impact,
most probable impact location, a region with high probability of impact, and the type of impact with a higher or lower
frequency.
High-frequency waves cause narrower distributions and
supposedly have an impact from a smaller object with
smaller contact area. Low-frequency waves cause wider

From Figures 8 and 9, it can be seen that this special orientation can locate the direction of the impact point, as most
of the impact point locations can be viewed in a singular
direction. Furthermore, the probability density was significantly higher near the actual impact point. If the TS dimension is much smaller than the impact distance from the center of the TS, using the proposed technique, a unique direction of impact can be predicted without having a velocity
profile. Based on the PMOI map and the dominant frequencies captured (the third process in Figure 6) from individual
sensor signals in a cluster, the objects mentioned in Table 1
were successfully classified. The object type was categorized based on the elastic modulus and the most responsive
sensors in the cluster were identified for any particular object shown in Figure 10. By virtue of the TS sensor cluster
(TSSC in Figure 10), both impact localization and classification can now be achieved.
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Conclusion
The special orientation of the passive sensors improvised
the directional and frequency sensitivity, thus minimizing
the prior knowledge of velocity profile of the structure. As
the proposed process required low computational work using real-time information, the algorithm proposed can be
especially useful for the critical components of a structure,
where positioning of scattered passive sensors might not be
possible. Experiments were carried out with five different
impacting objects of the same size (diameter) and two additional objects with smaller (a steel ball) and larger diameters
(a golf ball). It was shown that a directional range of probable impact area can be predicted without considering the
velocity profile. This is the primary validation of this approach and further work will be conducted using an anisotropic plate with this orientation. The five objects with different elastic moduli were classified using the proposed
method.
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Figure 10. Characterization of Elastic Modulus of Different
Impact Objects Based on the TSSC Data
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Abstract
A multiprocessor version of modular neural networks for
fault diagnosis of real and simulated analog circuits was
developed. In this approach, at the first level, the circuit
faults were placed in two groups called level-one groups. At
level two, the faults in each previous group were divided
into two or three subgroups. This process continued until, at
the last level, each group contained two or, at most, three
faults. At each level, separate neural network modules were
trained to identify the group to which the fault belonged. It
has been shown previously that, when applied to simulated
circuits, the uniprocessor version of this method performed
accurately in diagnosing faults, even if they had similar features. This stems from the unique feature of this method by
which the difﬁcult task of fault classiﬁcation is divided into
smaller tasks assigned to several neural network modules
whose sizes are considerably smaller than the neural network used in the conventional method. In this current study,
the multiprocessor and uniprocessor versions of modular
and conventional neural networks were used to diagnose
faults in both simulated and real two-stage, four-op-amp
biquad low-pass ﬁlters. It was shown that, while maintaining its high classification accuracy, the training time for the
multiprocessor version of modular neural network was significantly less when compared to its uniprocessor counterpart. To create optimal features for neural network training,
wavelet decomposition, principal component analysis, and
data normalization were used on the raw data obtained from
the impulse response of the circuits.

Introduction
Issues such as poor fault models, component tolerances,
and non-linearity made fault diagnosis of electronic circuits
very complicated. Neural networks can effectively handle
these complexities, making the application of neural networks to fault diagnosis very appealing. The preliminary
work in this area [1-6] suffers from a range of issues, the
most important of which is using non-optimal features for
neural network training. To address this issue, a combination of wavelet decomposition, principal component analysis, and normalization [7-11] were used to extract optimal
features for neural network training. Other studies in this

area included the use of kurtosis and entropy [12] and STransform [13] to preprocess the output of the electronic
circuits for optimal feature extraction. Different types of
classifiers have also been applied to fault diagnosis of electronic circuits. This included application of polynomial
curve fitting [14], radial basis neural networks [15], genetic
algorithms and virtual instrumentation (LabVIEW) [16],
[17], Particle Swarm neural networks [18], and distributed
neural networks [19].
One of the biggest challenges in this area, however, is to
effectively train neural networks in the presence of faults
with extensive overlapping features. To address this issue, a
modular neural network, in which the faults associated with
the circuit are successively divided into several groups, was
developed [20]. At the ﬁrst level, the faults in the circuit
were divided into two groups. At each subsequent level,
each group at the previous level was divided into smaller
groups until each group at the last level contained two or, at
most, three fault classes. An appropriate number of neural
networks were trained at different levels to identify the
group to which the faults belonged. For example, one neural
network was needed for fault classiﬁcation at level one
since there were only two groups to which the faults may
belong. At level two, the number of fault groups increased
to four, with each pair requiring one neural network for fault
classiﬁcation leading to a total of two neural networks. This
process is shown in Tables 1 and 2, where ⇑ and ⇓ signify
faulty components whose resistances or capacitances were
higher and lower than nominal values, respectively. In the
study by Aminian and Aminian [20], it was clearly demonstrated that modular neural networks lead to more efﬁcient
and robust training. Another group also reported success in
distinguishing faults with similar features using STransform [13]. That study, however, was limited to a small
number of faults.
Before this study, two problems remained unresolved in
modular neural networks. First, the fact that different modules were completely independent of each other and may be
trained in parallel was not exploited. This is an important
feature of this architecture, which can signiﬁcantly reduce
the training time. Second, the modular neural networks were
only applied to SPICE simulation, as opposed to real circuits [20].
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Table 1. Fault Distribution among Neural Network Modules at
Different Levels for the Simulated Circuit
Level

Groups

1.1

C4⇑, R17⇓, R8⇓,
R16⇑, R21⇓, R7⇑,
C2⇓, R10⇑, R3⇓,
R6⇑, R6⇓, R9⇑,
C4⇓ , R15⇑ , R19⇑ ,
C1⇑, R21⇑, R3⇑

1.2

R7⇓, R8⇑, R9⇓,
R16⇓, R19 ⇓, R4⇑,
R10⇓, R15⇓, R25⇑,
R22⇑, R25⇓, C2⇑,
C3 ⇓, R17⇑, C4 ⇓,
R22 ⇓, C3⇑, C1 ⇓

1

1

3.1.2.1
3.1.2.2
3.1.2.3
3.2.1.1
3.2.1.2
3.2.1.3
3.2.2.1
3.2.2.2
3.2.2.3
4.1.1.1.1-3
4.1.1.2.1-3
4.1.1.3.1-3
4.1.2.1.1-3
4.1.2.2.1-3
4.1.2.3.1-3
4.2.1.1.1-3
4.2.1.2.1-3
4.2.1.3.1-3
4.2.2.1.1-3

8
9
10
11
12
13
14
15
16
17

4.2.2.2.1-3

C3⇓ | R17⇑ | C4⇓

4.2.2.3.1-3

R22⇓ | C3⇑ | C1⇓

2.1.2
2
2.2.1
2.2.2
3.1.1.1
3.1.1.2
3.1.1.3

4

Neural network

C4⇑, R17⇓, R8⇓,
R16⇑, R21⇓, R7⇑,
C2⇓, R10⇑, R3⇓
R6⇑, R6⇓, R9⇑,
C4⇓, R15⇑, R19⇑,
C1⇑, R21⇑, R3⇑
R7⇓, R8⇑, R9⇓,
R16⇓, R19⇓, R4⇑,
R10⇓, R15⇓, R25⇑
R22⇑, R25⇓, C2⇑,
C3⇓, R17⇑, C4⇓,
R22⇓, C3⇑, C1⇓
C4⇑, R17⇓, R8⇓
R16⇑, R21⇓, R7⇑
C2⇓, R10⇑, R3⇓
R6⇑, R6⇓, R9⇑
C4⇓, R15⇑, R19⇑
C1⇑, R21⇑, R3⇑
R7⇓, R8⇑, R9⇑
R16⇓, R19⇓, R4⇑
R10⇓, R15⇓, R25⇑
R22⇑, R25⇓, C2⇑
C3⇓, R17⇑, C4⇓
R22⇓, C3⇑, C1⇓
C4⇑ | R17⇓ | R8⇓
R16⇑ | R21⇓ | R7⇓
C2⇓ | R10⇑ | R3⇓
R6⇑ | R6⇓ | R9⇑
C4⇓ | R15⇑ | R19⇑
C1⇑ | R21⇑ | R3⇑
R7⇓ | R8⇑ | R9⇓
R16⇓ | R19⇓ | R4⇑
R10⇓ | R15⇓ | R25⇑
R22⇑ | R25⇓ | C2⇑

2.1.1

3

Fault distribution
among groups

Table 2. Fault Distribution among Neural Network Modules at
Different Levels for the Real Circuit
Level

Groups

Fault distribution
among groups

1.1

R26S, R17⇓, R10⇑,
R22⇑, R16⇓, R8⇓,
R21⇑, R7⇓, R25⇑,
R6⇓, R15⇓, R21⇓,
R8⇑, R15⇑, R4⇓,
R22⇓, R3⇓, R26⇑

1.2

R25⇓, R4⇑, R9⇓,
R21S, R3⇑, R3S,
R19⇓, R19⇑, R16⇑,
R17⇑, R7⇑, R16S,
R9⇑, R10⇓, R7S,
R6⇑, R11S, R26⇓

1

Neural network

1

3.1.2.1
3.1.2.2
3.1.2.3
3.2.1.1
3.2.1.2
3.2.1.3
3.2.2.1
3.2.2.2
3.2.2.3
4.1.1.1.1-3
4.1.1.2.1-3
4.1.1.3.1-3
4.1.2.1.1-3
4.1.2.2.1-3
4.1.2.3.1-3
4.2.1.1.1-3
4.2.1.2.1-3
4.2.1.3.1-3
4.2.2.1.1-3

R26S, R17⇓, R10⇑,
R22⇑, R16⇓, R8⇓,
R21⇑, R7⇓, R25⇑
R6⇓, R15⇓, R21⇓,
R8⇑, R15⇑, R4⇓
R22⇓, R3⇓, R26⇑
R25⇓, R4⇑, R9⇓,
R21S, R3⇑, R3S,
R19⇓, R19⇑, R16⇑
R17⇑, R7⇑, R16S,
R9⇑, R10⇓, R7S,
R6⇑, R11S, R26⇓
R26S, R17⇓, R10⇑
R22⇑, R16⇓, R8⇓
R21⇑, R7⇓, R25⇑
R6⇓, R15⇓, R21⇓
R8⇑, R15⇑, R4⇓
R22⇓, R3⇓, R26⇑
R25⇓, R4⇑, R9⇓
R21S, R3⇑, R3S
R19⇓, R19⇑, R16⇑
R17⇑, R7⇑, R16S
R9⇑, R10⇓, R7S
R6⇑, R11S, R26⇓
R26S | R17⇓ | R10⇑
R22⇑ | R16⇓ | R8⇓
R21⇑ | R7⇓ | R25⇑
R6⇓ | R15⇓ | R21⇓
R8⇑ | R15⇑ | R4⇓
R22⇓ | R3⇓ | R26⇑
R25⇓ | R4⇑ | R9⇓
R21S | R3⇑ | R3S
R19⇓ | R19⇑ | R16⇑
R17⇑ | R7⇑ | R16S

8
9
10
11
12
13
14
15
16
17

18

4.2.2.2.1-3

R9⇑ | R10⇓ | R7S

18

19

4.2.2.3.1-3

R6⇑ | R11S | R26⇓

19

2.1.1
2
2.1.2
2
2.2.1
3
2.2.2
3.1.1.1
3.1.1.2
3.1.1.3

4

5
3
6

7

4

2

3

4

5

6

7
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These two issues were addressed in this current study,
where the multiprocessor implementation of modular neural
networks in which the task of training each module was
assigned to a separate processor. This method was applied
to both real and SPICE-simulated two-stage, four-op-amp
biquad low-pass ﬁlters. As shown here, the results show
signiﬁcant reduction in training time for multiprocessor
implementation of modular neural networks compared to its
single processor version, while maintaining high accuracy
in fault diagnosis.

Generating Raw Data from the Circuit
In this current study, a modular neural network was applied to both real and simulated two-stage, four-op-amp
biquad low-pass ﬁlters [21], as shown in Figure 1. Version
23 of the circuit simulation software NGSPICE, installed on
Ubuntu 11.10, was used to obtain the raw simulated data
from the circuit output. To generate the data from the real
circuit, it was ﬁrst constructed on a National Instruments
ELVIS Prototype Board after which LabVIEW was utilized
to obtain its raw output. In both cases, a pulse with the characteristics shown in Table 3 was used to excite the system.
This input pulse was chosen because it had a frequency
spectrum in the range 0-100 kHz. Since the cutoff frequency
of the two-stage, four-op-amp biquad low-pass ﬁlter was at
10 kHz, the applied pulse exposed the complete frequency
behavior of the circuit. Therefore, features extracted from
the response of the circuit to such an input pulse carried the
necessary information for its fault diagnosis.

sistors and 10% for capacitors, while other components varied within their allowed range. To generate sample data, ﬁve
resistors and capacitors were allowed to change values within their tolerances in the simulated circuit. For the real circuit, however, the five elements whose values changed
within their tolerances were limited to resistors. This is because variable resistors are more readily available than variable capacitors. The faulty values of different resistors and
capacitors used in this study are shown in Tables 4 and 5 for
simulated and real circuits, respectively. Note that the absence of the hard faults—replacing R3, R7, R11, R16, R21, and
R26 with short circuits—in the simulated circuit was due to
numerical instabilities encountered in simulating the circuit
using SPICE.
Table 3. Descriptions of the Pulse Used to Excite the Real
Circuit
Amplitude

1V

Period

1ms

Delay

5μs

Pulse Width

10μs

Rise/Fall Time

1ns

Preprocessing
To prepare optimal features for neural network training,
the raw output obtained from the circuit were processed
using wavelet decomposition, principal component analysis,
and normalization [8-10]. Previously, Discrete Wavelet
Transform was used to decompose the signal into low- and
high-frequency components [7], [11], [20], [22], [23]. This
was accomplished by computing the approximation (lowfrequency) and detail (high-frequency) coefﬁcients using
Equation (1):

C  a, b  

1
 xb
I  x  
dx

a
 a 

(1)
xb

where, I(x) is the raw output signal of the circuit;   a  is
the shifted and scaled version of the mother wavelet; a = 2j,
b = k2j = ka; and, (j,k) ϵZ2 [8], [9].
Figure 1. Circuit Diagram for the Two-Stage, Four-Op-Amp
Biquad Low-Pass Filter Used in This Study

The nominal values for the components, which resulted in
a non-faulty behavior, are shown in Tables 4 and 5 for simulated and real circuits, respectively. To introduce faults
into the circuit, the value of one of the resistors or capacitors was allowed to fall outside of its tolerance, 5% for re-

This process was repeated on approximation coefﬁcients
to further decompose them into high- and low-frequency
components. This method was very effective for extracting
useful features for neural network training. In this study,
however, Wavelet Packet Decomposition (WPD) in which
detail as well as approximation coefﬁcients are decomposed
into high- and low-frequency bands at different levels was
utilized. This provided a richer accumulation of wavelet
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coefﬁcients. A small number of these coefﬁcients were then
collected for the next stage of processing, namely principal
component analysis.
Table 4. Fault Classes Used for the Simulated Circuit
Fault Class
C1⇑
C1⇓
C2⇑
C2⇓
C3⇑
C3⇓
C4⇑
C4⇓
R3⇑
R3⇓
R4⇑
R4⇓
R6⇑
R6⇓
R7⇑
R7⇓
R8⇑
R8⇓
R9⇑
R9⇓
R10⇑
R10⇓
R15⇑
R15⇓
R16⇑
R16⇓
R17⇑
R17⇓
R19⇑
R19⇓
R21⇑
R21⇓
R22⇑
R22⇓
R25⇑
R25⇓

Nominal Value
0.01µF
0.01µF
0.01µF
0.01µF
0.01µF
0.01µF
0.01µF
0.01µF
2200Ω
2200Ω
1570Ω
1570Ω
10000Ω
10000Ω
10000Ω
10000Ω
440Ω
440Ω
2640Ω
2640Ω
500Ω
500Ω
100Ω
100Ω
1800Ω
1800Ω
4840Ω
4840Ω
10000Ω
10000Ω
10000Ω
10000Ω
2320Ω
2320Ω
1000Ω
1000Ω

Faulty Value
0.05µF
0.002µF
0.05µF
0.002µF
0.05µF
0.002µF
0.05µF
0.002µF
5000Ω
500Ω
5000Ω
600Ω
16500Ω
3000Ω
50000Ω
5500Ω
2200Ω
50Ω
10000Ω
300Ω
800Ω
100Ω
200Ω
50Ω
7800Ω
100Ω
15000Ω
1600Ω
30000Ω
3000Ω
50000Ω
3750Ω
7000Ω
100Ω
3000Ω
500Ω

Applying principal component analysis to selected wavelet coefﬁcients further reduced the dimensionality of the
input feature space, while keeping much of the relevant information for fault classiﬁcation intact [10]. Principal component analysis achieved this goal by mapping vectors x in
a d-dimensional input space (x 1,……,x d) onto vectors z in
an M -dimensional space (z 1,……,z M) in such a way that
loss of essential information and data variation needed for
classiﬁcation was minimized while keeping M < d. In the
last preprocessing stage, the data were normalized to have

zero mean and unit standard deviation. This minimized
large variations in feature sizes, which can dominate important but smaller trends in the data. As shown in the study
by Aminian and Aminian [7], normalizing features in this
fashion can make the neural network training phase very
efﬁcient.
Table 5. Fault Classes Used for the Real Circuit
Fault Class
R3 ⇑
R3 ⇓
R4 ⇑
R4 ⇓
R6 ⇑
R6 ⇓
R7 ⇑
R7 ⇓
R8 ⇑
R8 ⇓
R9 ⇑
R9 ⇓
R10 ⇑
R10 ⇓
R15 ⇑
R15 ⇓
R16 ⇑
R16 ⇓
R17 ⇑
R17 ⇓
R19 ⇑
R19 ⇓
R21 ⇑
R21 ⇓
R22 ⇑
R22 ⇓
R25 ⇑
R25 ⇓
R26 ⇑
R26 ⇓
R3 Short
R7 Short
R11 Short
R16 Short
R21 Short
R26 Short

Nominal Value
2200Ω
2200Ω
1570Ω
1570Ω
10000Ω
10000Ω
10000Ω
10000Ω
440Ω
440Ω
2640Ω
2640Ω
500Ω
500Ω
100Ω
100Ω
1800Ω
1800Ω
4840Ω
4840Ω
10000Ω
10000Ω
10000Ω
10000Ω
2320Ω
2320Ω
1000Ω
1000Ω
10000Ω
10000Ω
2200Ω
10000Ω
1000Ω
1800Ω
10000Ω
1000Ω

Faulty Value
5000Ω
500Ω
5000Ω
600Ω
16500Ω
3000Ω
50000Ω
5500Ω
2200Ω
50Ω
10000Ω
300Ω
800Ω
100Ω
200Ω
50Ω
7800Ω
100Ω
15000Ω
1600Ω
30000Ω
3000Ω
50000Ω
3750Ω
7000Ω
100Ω
3000Ω
500Ω
15000Ω
5000Ω
0.5Ω
0.5Ω
0.5Ω
0.5Ω
0.5Ω
0.5Ω

Applying Modular Neural Networks to
Analog Fault Diagnosis
The application of modular neural networks to fault diagnosis of electronic circuits started with organizing all of the
faults into two groups at level one. At level two, each fault
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group in the previous level was divided into two or three
subgroups such that the faults were as evenly distributed
among these subgroups as possible. This operation continued at the higher levels, dividing each subgroup at level n
into smaller groups at level n + 1, as shown in Figure 2. The
highest level was reached when each subgroup at that level
contained two or, at most, three fault classes. The implementation of this method in the circuit resulted in dividing
the two-stage, four-op-amp biquad low-pass ﬁlter into 2, 2,
3, and 3 groups at levels one through four, respectively.
This is presented in Tables 1 and 2 for the simulated and
real circuits, respectively. As shown in columns two of
these tables, a series of numbers were used to label the subgroups at different levels. The ﬁrst number indicates the
level and all of the subsequent numbers represent the way in
which the subgroups are divided at different levels. For example, the faults at level one were divided into the two
groups labeled 1.1 and 1.2. At level two, subgroup 1.1 was
divided into two smaller groups, namely 2.1.1 and 2.1.2.
The corresponding division of subgroup 1.2 led to subgroups 2.2.1 and 2.2.2, etc.

and 2.1.2 and the other for groups 2.2.1 and 2.2.2. This process continued until the last level, level four, was reached.
As shown in column four of Tables 1 and 2, a total of nineteen neural network modules were needed to perform the
fault classiﬁcation for the two-stage, four-op-amp biquad
low-pass ﬁlter. The targets for the neural network modules
were constructed using 1-of-K architecture [7], [10], [11],
[20], [23]. For example, the targets of
1  0
 0,1,
   
were used to train the neural network at level one to classify
fault groups in 1.1 or 1.2. At level three, however, the targets
 1  0  0
 0, 1, 0,
     
 0  0  1
     

were used to train the neural network to distinguish among
groups 3.1.1.1, 3.1.1.2, and 3.1.1.3. The output of the neural
network with 1-of-K architecture had the advantage of representing the probability that a sample test data belonged to
different fault classes [10]. To identify the group to which
the fault belonged, the outputs of all of the neural networks
at different levels were used. For example, the outputs of

 0  0
 1  0    
 0,1, 0,1,
     1  0
   
indicated that the faulty component belonged to groups 1.1,
2.1.2, 3.1.2.3, and 4.1.2.3.2 at levels 1 through 4, respectively. This indicated that R3⇓ was the faulty component in the
circuit.

Figure 2. Fault Distribution among Groups at Different Levels

Next, at each level, a collection of very simple neural
network modules were trained using a backpropagation algorithm [10], [24] with sigmoid transfer functions to classify the subgroups to which a given fault belonged. Applying
this method to two-stage, four-op-amp biquad low-pass
ﬁlters resulted in training one neural network module at
level one to distinguish among faults in groups 1.1 and 1.2.
This neural network module was labeled 1 in column four
of Tables 1 and 2. At level two, two separate neural network
modules labeled 2 and 3 in Tables 1 and 2 were used. One
of these networks was for fault classiﬁcation between 2.1.1

It is important to emphasize that each of these networks
had a very simple task of identifying the group to which a
particular fault belonged at different levels. The modular
implementation of neural networks is considerably more
efﬁcient than the conventional approach. This efﬁciency
stems from two important features of the modular approach
to neural network training. First, in the conventional approach, the partitioning of the entire feature space into different fault classes was performed by one neural network.
This can make the training of the neural network especially
difﬁcult when there is extensive overlap among fault classes
in the feature space. This problem becomes much less pronounced in the modular approach since the input space is
divided into progressively smaller subspaces or partitions at
lower levels. Using simple techniques such as boxplot to
determine the degree of overlap among features (see Figures
3 and 4), one can distribute fault classes among partitions
such that classes with similar features are distributed among
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different partitions in a particular level as evenly as possible. In this scheme, once one of the partitions is identiﬁed as
containing the faulty component by a neural network, the
remaining partitions and, hence, the similar faults assigned
to them, are eliminated from further investigation. The
training phase at the next level is now easier to conduct, as
similar faults make the training of neural networks more
challenging. Second, the modular approach allowed the
training of the neural networks to be performed by separate
processors in parallel, since the training of each module was
completely independent of any other module at all levels.
This can signiﬁcantly reduce the training time, as will be
shown in the Results section.

Results
In this study, modular neural network architecture was
used to perform fault diagnosis on both real and simulated
two-stage, four-op-amp biquad low-pass ﬁlters. This required 19 different neural network modules to fully classify
the 36 faults introduced in the simulated and real circuits, as
shown in Tables 1 and 2, respectively. The training of these
modules was performed in parallel using 19 processors. For
the purpose of comparison, the same modular neural network using a single processor [20] and a conventional neural network were also trained to perform the classiﬁcation of
all 36 faults in the circuit.
The architectures of the modular and conventional neural
networks used in this study are shown in Tables 6 and 7 for
the simulated and real circuits, respectively. Note the drastic
reduction in the number of hidden layer neurons in the modular architecture compared to the conventional approach.
This led to superior performance and a dramatic reduction
in training time, as shown in Tables 8 and 9 for the two circuits. Note that the average training times taken over 15
trials for the simulated and real circuits were reduced by a
factor of 120 and 23, respectively, when a uniprocessor
modular neural network was used for fault classiﬁcation
compared to its conventional counterpart. This stems from
distributing the difﬁcult task of fault classiﬁcation into
smaller tasks performed by several simple neural network
modules.

Figure 3. Boxplot of the Features Extracted From the Data
Obtained From the Real Circuit

Figure 4. Boxplot of the Features Extracted From the Data
Obtained From the Simulated Circuit

Table 6. Number of Hidden Neurons in the Neural Network
used to Classify Faults in the Simulated Circuit
Number of hidden layer neurons used for simulated circuit
Modular
Conventional
Module number
Number of neurons
1
9
2
5
3
5
4
3
5
3
6
3
7
3
8
3
9
3
16
10
3
11
3
12
3
13
3
14
3
15
3
16
3
17
3
18
3
19
3
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Table 7. Number of Hidden Neurons in the Neural Network
used to Classify Faults in the Real Circuit
Number of hidden layer neurons used for simulated circuit
Modular
Conventional
Module number
Number of neurons
1
9
2
6
3
4
4
3
5
2
6
2
7
3
8
5
9
3
20
10
4
11
2
12
4
13
3
14
4
15
3
16
3
17
4
18
2
19
3
Table 8. Performance Accuracy and Average Training Times
for the Conventional, Uniprocessor Version, and Multiprocessor Version of the Modular Neural Networks Applied to the
Simulated Circuit

Number of
processors
1
19

Simulated Circuit
Neural
Performance
network
accuracy
architecture
(percent)
Conventional
91
Modular
100
(uniprocessor)
Modular
100
(multiprocessor)

Training
time
(minutes)
124.64
1.04
0.15

Table 9. Performance Accuracies and Average Training Times
for the Conventional, Uniprocessor Version, and Multiprocessor Version of the Modular Neural Networks Applied to the
Real Circuit
Actual Circuit
Number of
processors
1

19

Performance
accuracy
(percent)

Training
time
(minutes)

Conventional

98

110.93

Modular
(uniprocessor)

98 (level 1)
100 (levels 2-4)

4.89

Modular
(multiprocessor)

97 (level 1)
100 (levels 2-4)

0.51

Neural network
architecture

As shown in Tables 8 and 9, the training time of parallel
modular neural networks using 19 processors resulted in 7and 10-fold reductions in training time compared to the
uniprocessor version for the simulated and real circuits,
respectively. This signiﬁcant reduction stemmed from two
main features of modular neural networks. First, modular
architecture divided the complex task of classifying all of
the faults performed by one neural network into smaller and
much simpler tasks performed by each module. Second, the
training of each neural network module was performed in
parallel by different processors, because the neural network
modules were completely independent of each other. It is
important to note that the efﬁciency of parallel modular
neural networks increases with the number of fault classes.
An examination of Tables 8 and 9 showed that the modular neural network performs more accurately compared to
the conventional method. To measure the fault classification
accuracy against other published works, the study by Tan et
al. [13] was particularly useful. In that work, the authors
applied S-Transform and Particle Swarm Optimization to
diagnose three faults with similar features in the same circuit as the one used in this current study. Tan et al. reported
accuracies ranging from 92.76% to 96.82%. The system in
this current study could classify 36 faults, three of which
were similar to the ones used by Tan et al., with 100%, accuracy as shown in Tables 8 and 9. In the studies by Ke et
al. [25] and Guo et al. [26], diagnostic accuracies ranging
from 83% to 100% were reported in classifying 13 faults
associated with a single-stage, four-op-amp biquad highpass filter. This makes direct comparison between the two
results difficult, since those other studies used a smaller
circuit with fewer faults.

Conclusion
In this current study, a fault diagnostic system for analog
electronic circuits using a multiprocessor version of modular neural networks was developed. In this approach, the
faults associated with the circuit were successively divided
into groups. At each level, where a fault group was subdivided into smaller groups, a set of neural network modules
was trained in order to determine the groups to which the
faults of interest belonged. The modular fault diagnostic
system provided a very efﬁcient and reliable approach for
diagnosis of circuits of various sizes. This approach is especially suited for larger circuits with a signiﬁcant number of
faults. This technique also performs reliably in the presence
of faults with similar features, where the traditional approach can fail. The advantage of the modular system lies in
its ability to break down a difﬁcult classiﬁcation problem in
the traditional approach into several simpler problems to
which much smaller neural networks may be applied. This
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signiﬁcantly enhances the efﬁciency of the training phase
and the performance of the fault diagnostic system. The
results presented here clearly demonstrated the superiority
of the modular system, which led to higher accuracy in the
classiﬁcation of fault classes, while reducing the training
time. Comparing the multiprocessor version of modular
neural networks with the traditional approach, the training
time was reduced by a factor of 831 and 218 for the simulated and real two-stage, four-op-amp biquad low-pass ﬁlters,
respectively.
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OF SOILS USING FRACTAL SCALING OF PARTICLE
SIZE DISTRIBUTIONS
——————————————————————————————————————————————–————
Fred Boadu, Duke University

Abstract
In this study, the author improved empirical equations to
predict the compression index of soil incorporating fractal
parameters describing their particle size distributions (PSD)
and standard index properties. A fractal model was utilized
to describe the PSD of soils in two fractal scaling domains,
each characterizing different ranges of particle sizes. Incorporating the fractal parameters (fractal dimensions) as predictor variables in regression models significantly improved
the prediction of the compression index. Models to predict
the compression index of soils using 1) the fractal dimension solely as input predictor variables and 2) a combination
of fractal parameters and index properties as input predictor
variables were also developed.
Models developed in other studies were compared with
models developed in this current study and their predictive
performances were assessed. For single and multiple predictor variables, the predictive empirical models developed in
this study performed better than those in other studies. Using the fractal dimension as a single input predictor variable
provided a better predictive model than using both initial
void ratio, eo, and liquid limit, wL, as input variables as in
other studies. The empirical models developed in this study
are suggested as useful alternatives for estimating the compression index of soils. In certain circumstances it may also
be useful in giving initial information about soil compressibility in a field environment based on analysis of particle
size distribution.

Introduction
The mechanical and hydraulic behavior of granular materials such as soils is affected by their particle-size distributions (PSD), and these distributions develop as a result of
complex geological and geophysical processes. The three
most important engineering properties of soils, which are
influenced by their PSD, include shear strength, compressibility, and hydraulic conductivity [1-3]. The PSD of soils
have been shown to influence the strength and permeability
of materials used in compacted dams [4]. Experimental and
modeling studies [5-8] indicated that the mechanical behavior of soils is influenced by their PSDs.

Changes in a soil’s volume results in changes in its
strength and deformation properties, which, in turn, affects
its stability [1]. Compressibility is a measure of the volume
change behavior of a soil mass subjected to different
amounts of external pressure and is quantified using either
the coefficient of volume compression, M v, or the compression index, Cc. Compression index is required for computation of the settlements of structures founded on soils and
can be obtained by performing laboratory tests on soil samples using the oedometer test. However, an oedometer test
can be relatively expensive and time consuming in comparison to standard index tests. Thus, several attempts have
been made by various researchers to estimate the compression index of soils from their index properties that are easily
measured in the laboratory or field environment, such as
liquid limit, wL, natural moisture content, wn, and initial
void ratio, eo [9-14].
Volume changes or settlements in clayey sediments depend also on the relative proportions of clay, silt, and sand
inherent in them, but most studies have not given much attention to the influence of particle size distribution. However, particle size and shape and distribution are the most important factors influencing both the void ratio at any stress
level and the effects that physico-chemical and other mechanical factors have on consolidation and swelling of soils
[1], [15]. Also, studies on the compressional behavior of
clayey sand indicate that soil texture (fines and sand content) evidently influence the compressional behavior of soils
with findings that, as the fines content increases, the compression index increases [16-18]. Experimental studies indicate that the effective size, D10, the mean grain size, D50,
and the coefficient of uniformity, Cu, are pertinent grading
parameters that can be used to characterize the undrained
shear strength (liquefaction resistance) of sand–silt mixtures
[19].
One-dimensional compression experiments on sand [20]
show that porosity or void ratio at any given effective stress
level is highly dependent on grain size, grain-size distribution, and mineralogy. The discrete-element method (DEM)
has been utilized to investigate effects of particle-size distribution on the compressive behavior of granular soils [21].
The challenge in fully utilizing PSD appears to be how to
uniquely quantify the distribution of particle sizes in a soil
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beyond the summary statistics, such as D10, D50, and Cu. In
recent times, researchers have turned to fractal analysis in
search of more fundamental and representative parameters
to characterize PSD of soils. Soil micro-structure, as reflected in the inter-connectivity among the soil grains, has been
quantified using fractal principles [22]. An improved model
for predicting hydraulic conductivity of soils has been developed using unique representations of their particle-size
distribution and fractal dimensions [3]. Size distributions
and stabilities of soil aggregates have been related to their
fractal dimensions [23]. However, the existence of a single
unique fractal dimension in describing the PSD of soils has
been questioned [24], [25] on evident deviations from the
linear behavior of log-log plots in the estimation of the fractal dimensions. Fractal scaling of soils over six orders of
magnitude associated with the distribution of their particle
sizes have been determined [26].
The above discussions indicate that the compressibility of
soils depends on their particle-size distributions. Presently,
though, a general empirical equation for compressibility and
soil gradation incorporating parameters that uniquely represent or quantify the PSDs is not yet available. In this study,
the author investigated the influence of particle-size distribution of soils on their compressive behavior using information from laboratory experiments. The distribution of the
particle sizes was quantified by their segmented fractal dimensions obtained by partitioning PSDs of field soil samples into two scaling domains using a piecewise fractal
model. Relationships between the segmented fractal dimensions and compression index of soils obtained in the field
were analyzed. Comparative assessments of compressive
index predictions using regression models were performed
by which predictions of compressive index using fractal
parameters (this study) were compared with models, which
use index properties of soils as prediction variables (other
studies). Improvements in the predictions of compressibility
index by inclusion of fractal dimensions as unique representative parameters for particle size distribution of soils
was then assessed.

Soil Sampling and Analysis
Undisturbed and disturbed soil samples were obtained at
32 sampling sites, mainly test pits and fresh highway cuts,
with varying subsurface geology consisting of sedimentary,
metamorphic, and intrusive igneous rocks in North Carolina
and South Carolina (U.S.). The collected soils samples were
weathered products from the underlying bedrocks of different rock types with inherent wide variations in composition
and texture. The undisturbed samples were obtained with
Shelby tubes and used for consolidation tests, while the disturbed samples were used for determination of index prop-

erties and particle-size distribution. All of the sampled soils
were sealed and taken directly to the laboratory and their
natural moisture contents [27], liquid limits [28], and particle-size distributions were determined [29]. The distribution
of particle sizes larger than 0.075 mm (retained on the No.
200 sieve) was determined by sieving, while that of particle
sizes smaller than 0.075 mm was determined by a sedimentation process using a hydrometer. The data from the sieve
and hydrometer analyses were then combined to obtain a
distribution of soil particle sizes ranging from 0.0011mm to
4.75 mm. Figure 1 illustrates the grain-size distribution of a
few selected soils used in this current study.

Figure 1. Plot of the Particle Size Distribution (PSD) Curves
for Representative Soil Samples

Fractal Analysis and Scaling of PSD
Fractal concepts have been utilized to describe the physical properties of soils such as bulk density [30], pore-size
distribution [31], [32], pore surface area [33], and particlesize distribution [26], [34]. The concept of fractal scaling as
it applies to PSD suggests that, across a wide range of
scales, the solid phase of a soil appears self-similar. The
idea was originated by Mandelbrot [35], who showed that
observations of patterns or distributions at different scales
could be related to each other by a power law function with
an exponent termed the fractal dimension, D.
Characterization of particle-size distribution using fractal
concepts inherently assumes a fragmentation process [36].
In this approach, the mass or weight of soil grains whose
sizes range between an upper and lower bound defined by
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diameters obtained from sieve and hydrometer analysis was
used. A mass-based relation [34], [36], [37] contained the
conventional expression describing particle-size distribution
data; that is, “percentage of mass less than” or equivalently
M (d < di) given by Equation (1):

M  d  d i   cd i3 D

(1)

where, M(d < di) is the cumulative mass of soil grains below
an upper limit di; D is the fractal dimension of the PSD;
and, c is a composite scaling constant.
In practice, D is estimated from Equation (1) by logtransforming both sides of the equation and employing a
linear regression fit [38], [39].

ed non-uniqueness of solutions and ensured smoothness of
the resulting regression function. Double logarithm plots of
PSDs for four representative soils are shown in Figures 2(ad) illustrating that a single power law cannot be used to describe the data across the measured particle sizes and all
identify two scaling domains. The data up to the critical size
(break point) were fitted with a line with a slope related to
D1, and beyond the critical size data fitted to a line with
slope related to D2. For Figure 2(a), D1, the fractal dimension of the first domain for this soil, was 2.29; D 2, the fractal dimension of the second domain, was equal to 2.93; d c,
the critical size related to the cut-off domain, was equal to
0.83 mm; and, R2, for the overall fit, was equal to 0.98. For
the soil shown in Figure 2(b), D1, D2, dc, and R2 values were
2.66, 2.96, 0.66 mm and 0.99, respectively.

Segmented Fractal Model
The assumption made in capturing the basic features observed in the PSDs of the studied soils was that there could
be two different scaling domains in different ranges of particle sizes over which values of D could be different [40],
[41]. In this respect, there would also be a critical or break
point value, dc, which could be characterized as the upper
limit of the first domain and the lower cutoff of the second
domain. These characteristic features necessitated the consideration of a piecewise approximation of the dependence
M(d ≤ di) on di in such a way that it could be used to describe the possible fractal segmentation of PSDs and given
by Equation (2):

M  d  d i   c1d i3 D1  d i  d c   c2d i3 D2  d i  d c 

(2)

(a)

where, D1 is the fractal dimension associated with the first
domain; D2 is that of the second domain; and, dc is the cutoff size separating the two particle-size domains.
Each term in parentheses represents a logical operation,
which partitions the whole domain into two subdomains,
0<Δ1≤dc, and dc<Δ2≤4.75 mm. The premise in using Equation (2) is that the cumulative percentage of the soil mass
can be represented by two geometric structures in terms of
their respective D values [40], [41]. In the second stage, the
two phases were joined smoothly by a transition function,
which depended on the transition point chosen by the grid
search [42-44].
In solving Equation (2), a two-phase non-linear regression
method with smooth transitions between phases [42-44] was
employed. In this method, the estimation of the parameters
(c1, D1, c2, D2, and dc) was performed in two stages. In the
first stage, each phase was fitted separately with the transition point determined simultaneously. The method eliminat-

(b)
Figure 2. Double Logarithm Plot of Representative Soil
Samples Identifying Two Scaling Domains for Each Soil PSD
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Consolidation Tests
One-dimensional consolidation tests were conducted according to the standard test methods for one-dimensional
consolidation properties of soils [45]. Tests were conducted
using rear-loading oedometers equipped with linear variable
differential transducers, which were connected to a data
acquisition system. An oedometer ring with a diameter of
63.5 mm and height of 20 mm was used for all the tests. The
inside of the rings was lubricated with silicone grease to
minimize side friction between the ring and the soil specimen during deformation. The consolidation tests were conducted at a room temperature of 20°C. Soil samples were
trimmed and inserted into the consolidation rings between
two porous stones. The porous stones allowed water to drain
from the top to the bottom of the soil sample when vertical
stress was applied. Filter papers were placed on the top and
bottom of each soil sample to prevent particles from being
forced into the pores of the porous stones placed on both
sides of the specimen. The ring with the sample was placed
in a consolidation cell and screwed tightly to the closefitting metal jacket on top of the cell. The cell was filled
with water and then mounted on a loading frame with an
applied seating pressure of 5 kPa and left for 24 hours to
allow saturation.
After equilibrium was attained conventional oedometer
tests were carried out. A load or stress-increment ratio of
unity (12.3, 24.5, 49, 98, 196, 392, and 794 kPa) was adopted. As each stress increment was applied, readings of vertical compression were taken at regular time intervals until
movement ceased and then the next stress was then applied.
At the end of each test, the soil sample was taken out of the
cell and oven dried to obtain its final dry weight, water content, void ratio, and, subsequently, void ratio at each stress
increment or level. The variation of void ratio with effective
stress was obtained for each sample and plotted on a semilogarithmic scale. Figure 3 shows a plot of void ratio (e) log stress curves of representative soil samples used in this
study. The compression index Cc for each sample was computed in the stress range 98-794 kPa.

Results and Discussion
Fractal Scaling of PSDs
As already mentioned, the plots of Figures 2(a-d) clearly
indicate that a single power law cannot be used to describe
the data across the range of measured particle sizes. On the
contrary, two power-law functions fit the data points extremely well, indicating two scaling domains for the ranges
of particle sizes analyzed. Such multiple linear trends on log

-transformed PSD of soil samples have been observed by
other authors [26], [46]. The fractal dimensions for the two
scaling regimes were estimated using Equation (2) for each
sample and the coefficient of determination of the linear
regression, R 2, was computed. The two power-law domains
separated the particle sizes into two class domains, smaller
and larger particle sizes, and their respective fractal dimensions were denoted as D1 and D2. Thus, the PSDs can be
partitioned into two subsets such that each subset could be a
fractal with its own scaling exponent.

Figure 3. Plot of Void Ratio-Vertical Stress Curves for
Representative Soil Samples Obtained from Oedometer Tests

The influence of soil texture in the development of the
two power-law scaling domains in PSD was investigated.
Figure 4 displays the variation of fractal parameters, D 1, D2,
and dc with the textural parameters (e.g., clay and sand content) of the studied soils. From Figures 4(b,c) it was recognized that both D1 and D2 increased with an increase in clay
content, while they both decreased weakly with an increase
in sand content, as shown in Figures 4(e,f). On the other
hand, the values critical size parameter, dc, which separated
the two scaling domains within each soil, decreased with an
increase in clay content [Figure 4(a)] and increased with an
increase in sand content [Figure 4(d)].
These relationships indicated that the power-law domains
characterizing the fractal scaling properties of soil particles
analyzed in this study were directly related to important soil
textural parameters. This indication provided the opportunity to relate values of D1 and D2 to some engineering and
physical attributes of soils that are influenced by their texture (PSD), and allowing the use of fractal statistics as a
robust technique to characterize PSD and, hence, to estimate
these attributes.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 4. Variation of Fractal Parameters D1, D2, and dc with Some Textural Features (sand and clay contents) of the Studied Soils

Figure 5 illustrates the variation of the fractal parameters
with the ratio of sand content to clay content (SCR) in each
soil sample. While weak variations of D2 and dc were recognized with SCR [Figures 5(a,b)], there was an indication of
strong variation of D1 and the ratio D1/D2 with SCR
[Figures 5(c,d)]. These figures illustrate that D1 decreased
sharply with an increase in SCR within a range of low values of SCR (0-10) up to a value of SCR roughly equal to 10
[Figure 5(c)] after which the D1 values decreased slowly or
were virtually insensitive to increases in SCR values.

Compressibility and Fractal Parameters

The low SCR range is characterized by increasing numbers of smaller clay particles in the sample and gradual filling of the void spaces (space filling) and separating the bigger sand particles. The PSD of the soil in this case had relatively higher values of D1. The variation of D1 with SCR
[Figure 5(c)] exhibited a power law-behavior and a model
describing this behavior is given by Equation (3):

However, the compression index bears a stronger relationship with D1 [Figure 6(c)], whereby the compression
index increases with an increased in the fractal dimension,
D1. Again, an increase in D1 was the result of an increase in
the amount of smaller clay particles and gradually filled the
void spaces separating the relatively bigger sand particles
and becoming the load-bearing unit or component of the
soil. This enhanced the compressibility of the soil and yielded a higher value of Cc. At low values of D1, characterized
by dominance of larger sand particles, grain-to-grain contacts were potentially enhanced [21] and, thus, load was
transferred mainly through the sand skeleton and yielded
reduced compressibility.

D1  2.2  3.2 SCR 1.25

(3)

where, coefficient of determination, R2, was equal to 0.79
and the ratio of D1/D2 exhibited a similar trend in variation
with SCR [Figure 5(d)].

The relationships between compressive index, Cc, which
describes the compressibility of the soils, and the fractal
parameters D1 and D2, which uniquely describe the distribution of grain sizes within the soils, as well as the critical
size, dc, were analyzed. Figure 6 shows the relationships
between the fractal parameters and compression index. Cc
showed little or no variation with dc [Figure 6(a)] and D2
[Figure 6(b)].
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(a)

(b)

(c)

(d)

Figure 5. Variation of Fractal Parameters D1, D2, dc and D1/D2 with the Ratio of Sand to Clay Fractions of the Studied Soils

Model Prediction and Comparisons
Regression models were developed to predict the compression index of soils using only the fractal parameters as
input predictor variables and a combination of fractal parameters and index properties as input predictor variables.
The predicted Cc values were compared with measured values and their performances were assessed. In addition, outputs of existing regression models, which used standard
index properties of soils as input variables, were also compared and assessed. The question of how well the predicted
values fit the measured data was addressed using the following criteria: 1) the coefficient of multiple determination, R 2
(equivalent to the square of the correlation coefficient) and
2) the standard error of estimate, S e (the square root of error
variance). The R 2 value was computed using Equation (4)
[3], [10]

 Y  Y 

 Y  Y 
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and the standard error of the estimate was computed using
Equation (5):
2
1 n
Se    i 1 Yi pre  Yave  
v


0.5

(5)

where, Y i is the ith measured or observed value; Y pre is predicted value; Y ave is the mean of the observations; and, ν is
the degree of freedom (sample size n minus the number of
descriptors variables or unknowns).
The coefficient of determination was interpreted as the
proportion of variability in the observed response variables
that was accounted for by the regression model and, thus,
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(a)

(b)

(c)

(d)

Figure 6. Variation of Fractal Parameters D1, D2, dc, and D1/D2 with the Compression Index Values of the Studied Soils

served as an indicator of the accuracy of predictions. The
magnitude of the standard error of the estimate or the error
variance (square root of S e) on the other hand was a physical
indicator of the error between the measured and predicted
values.
Figures 7(a-f) illustrate comparisons between the predicted and measured values of Cc for the soils used in this study.
One model group [Figures 7(a,b,c)] used a single soil
parameter as input predictor variable; for the other group
[Figures 7(d,e,f)], two soil parameters were used as the input. Figure 7(a) shows the relationship between the predicted and measured Cc values using the fractal dimension D1 as
the input. The R 2 value was 0.66 and the error variance, S e,
was equal to 0.05, indicating that D1 as a predictor variable
accounted for 66% of the variability in the measured compressibility values and, thus, provided a reasonably accurate
prediction of Cc.

This result demonstrates that accounting for the distribution of particle sizes in soils can be helpful in describing
their compressive behavior. Using the liquid limits, wL, of
the soils as a single input parameter, Figure 7(b) shows
comparison between predicted and measured Cc values with
an R 2 value of 0.32 and an error variance equal to 0.0049.
Obviously, this prediction was weaker than the previous
prediction using the fractal dimension as the input variable.
Further, using the initial void ratio, eo, of the soils as the
sole input variable, the predicted Cc value compared to the
measured Cc value is illustrated in Figure 7(c) with R 2 and
error variance values of 0.30 and 0.005, respectively. This
indicated a weaker prediction model compared to the models with wL and D1 as sole input parameters. Thus, in the
overall comparative assessment of models using a single
predictor variable, the model incorporating D1 performed
better in predicting Cc than those using the index properties
eo or wL.
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(a)

(b)

(c)

(d)
(e)
(f)
Figure 7. Plot of the Measured Values of the Compression Index (K exp) versus the Computed Values using the Regression Models
[the straight lines are lines of perfect equality]

Relationships between predicted and measured Cc values,
using two soil index parameters as input predictor variables,
are shown in Figures 7(d,e,f). Using eo and wL as input variables, Figure 7(d) shows a comparison between predicted
and measured Cc values, which gives an R 2 value of 0.44
and an error variance equal to 0.002. As expected, there is
an indication of a slight improvement in the prediction performance using the two input parameters compared to when
the parameters were used as variables in isolation.

performance than those with standard soil index properties
as input variables.

Using eo and D1 as input predictor variables significantly
improved the prediction of Cc with R 2 equal to 0.75 and an
error variance value of 0.002. A slight improvement in performance in prediction of Cc was recognized using wL and
D1 as input variables with R 2 and error variance values of
0.78 and 0.0017, respectively. The above results also indicated that using D1 as a single variable provided a better
model performance than using eo and wL, underscoring the
relevance of the fractal characteristics of the PSD in assessing the compressibility of soils. Comparative assessment of other published models are described in Table 1 and
their respective performances are illustrated in Figure 8.
It can be inferred that Model 1, Model 5, and Model 6, all
of which incorporate the fractal dimension D1 as input variable in the regression models, provided better prediction

Figure 8. A Graphical Illustration Comparing the
Performance of Models used in This Study using the
Coefficient of Determination (R 2) as the Performance Criterion
[models are referenced in Table 1]
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Table 1. Compression Index Equation used in This Study and
Other Sources
Function type

Equation

Reference
(Model)

Cc = 0.01.wn - 0.05
Cc =-0.2 + 0.005wn

Azzouz et al.
[10]
(Model 7)
This current
study
(Model 2)

Cc = a.wL + b

Cc =-0.16+ 0.004wL

This current
study
(Model 3)
Mayne [47]

Cc = a.D1 + b

Cc =-0.88+ 0.49D1

This current
study
(Model 1)

Cc =0.14+ 0.002wn+0.004 wL
Cc = 0.009wn+0.005 wL

This current
study
(Model 4)
Koppula
[48]
(Model 8)

Cc = a.wn + b

Cc = a.wn + b.wL + c

Models to predict the compression index of soils using
only the fractal dimension as input predictor variables and a
combination of fractal dimensions and standard index properties as input predictor variables were also developed.
Models developed in other studies were compared with
models developed in this study and their predictive performances were assessed. For single and multiple predictor
variables, predictive empirical models developed in this
study performed better than those in other studies. Using the
fractal dimension as a single predictor variable provided a
better predictive model than using both initial void ratio, e o,
and liquid limit, wL, as input variables, as in other studies.
The empirical models developed in this study were suggested as useful alternatives for estimating the compression index of soils. In certain circumstances, it may also be useful
in giving initial information about soil compressibility in a
field environment based on an analysis of particle-size distribution.
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Abstract

properties of weathered materials, which support large and
important infrastructure assets.

Weathering of rock has a negative influence on both
physical and engineering properties. For the design of infrastructure assets within weathered rock, it is imperative to
determine the influence of weathering. Numerous techniques, both destructive and non-destructive, have been
employed to assess the influence of weathering on rock
properties. In this study, thermal characterization of weathered limestone specimens was conducted and results were
evaluated in light of split tension tests. Thermal characterization consisted of heating the specimens to 200 degrees
Celsius and recording the cooling of the specimens for 45
minutes with a thermal camera. A thermal time constant
was determined for each specimen using the lumped capacitance method. The specimens were categorized into one of
three weathering classes. Fresh or un-weathered specimens
had the highest unit weight, highest average thermal time
constant, and highest tensile strength.

Given the potential variability in physical and engineering
properties of weathered rock, it would be advantageous to
perform strength tests on all specimens recovered from sampling activities conducted within weathered rock masses. It
would be cost prohibitive to test all specimens recovered.
Additionally, as shown by Hudyma and Hiltunen [2], performing careful sampling procedures on weathered rock
may not provide specimens of appropriate size for testing.
These constraints have forced engineers to rely on qualitative descriptions, physical measures, and index tests to provide an indication of the weathering state of rock, which
may then be correlated to strength and stiffness. However,
relying on qualitative visual descriptions to assess the
weathering state of rock specimens has been shown to be
troublesome. For the most part, individuals can successfully
identify fresh (relatively un-weathered) specimens and highly weathered specimens, but have difficulty assessing intermediate stages of weathering in rock specimens [3], [4].
This demonstrates that assessment of the weathering state of
rock should be based on a quantitative measure. Weathering
manifests itself in rock specimens as an increase in porosity
[5] and potentially an increase in the abundance of microfractures [1].

Differentially weathered specimens had intermediate unit
weights, intermediate average thermal time constants, and,
on average, intermediate tensile strengths. The highly
weathered specimens had the lowest unit weights and lowest thermal time constants. The fresh and highly weathered
specimens exhibited classic tensile fracture patterns and the
differentially weathered specimens exhibited surface activated fractures, which reflected their internal structures.
There was a clear distinction between the average specimen
thermal time constant and weathering classification. There
was no clear distinction between tensile strength and weathering state. Results indicate that thermal characterization is
a promising technique for the assessment of the weathering
state of limestone laboratory specimens.

Introduction
Weathering, or the breakdown of rock into soil through
biological, chemical, and physical processes, has a detrimental effect on the physical and engineering properties of
rock. Weathered rock profiles may contain materials of a
wide range of strengths [1]. This presents difficulties for
design engineers, who must assess strength and stiffness

Techniques for assessing weathering grades of specimens
are expected to be simple, inexpensive, and efficient [6].
Ideally, porosity measurements would be used to assess
weathering, but such measurements are not easy to perform
and require specialized equipment, which is not readily
available in most commercial laboratories. Numerous studies [7-11] have been dedicated to identifying laboratory
techniques that are sensitive to variations in porosity and
assess weathering. The techniques can be categorized as
either destructive or non-destructive. Non-destructive techniques include unit weight, dynamic characterization,
Schmidt hammer testing, and textural characterization. Destructive techniques include indirect tensile testing, point
load testing, and unconfined compression testing. The noted
studies have shown that there is some degree of overlap
between weathering grades and measured properties.
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One yet unexplored technique to assess weathering is
thermal imaging. Thermal imaging is a common assessment
tool for detecting objects or areas with different heat signatures. This technology has been applied to laboratory investigations of soil thermal diffusivity [12] and mechanical
damage in granite specimens during loading [13], but the
technique is not commonly used. In this paper, the authors
present results from thermal decay measurements and split
tension testing conducted on weathered limestone specimens obtained from various locations in Florida. The thermal decay measurements were used to assess the weathering
of the specimens. Split tension specimens are ideal for thermal imaging applications because they are relatively thin;
thickness is approximately equal to the radius of the specimens. More importantly, split tension tests were used for the
design of drilled shafts in Florida.

mens from Florida was first described by Sarno [16]. These
specimens contained surface features (or lack thereof)
which were not as pronounced as those in either the fresh or
highly weathered state. What made these specimens difficult to assess was the presence of distinct zones of materials
with different weathering states. This is clearly shown in
Figure 1(c).

Specimen Selection and Preparation
Core samples were obtained from a number of locations
in southern Florida. As a general rule, when dealing with
sampling of weathered rock, using large diameter core barrels and using either double or triple core barrels increases
core recovery. For transportation-based projects in Florida,
it is recommended to obtain 101 mm diameter cores using a
minimum of a double core barrel [14]. The core samples for
this study had diameters on the order of 101 mm; unweathered or fresh specimens had full diameters, whereas
highly weathered specimens had diameters less than 101
mm. Once sections of core samples were identified, specimens were cut using a wet diamond saw. The specimens
were cut to meet the specifications of split tension
(Brazilian test) requirements, based in standards set forth by
the International Society for Rock Mechanics [15]. Ten different limestone specimens were selected, based solely on
surface appearance, for this study. The specimens were then
identified as fresh, highly weathered, or differentially
weathered. Photographs of specimens from the three weathering states are shown in Figures 1(a-c). Fresh or unweathered specimens had smooth saw-cut surfaces, did not
have any defects along their circumference, contained very
few surface cracks or pits, and had the appearance of concrete. Figure 1(a) is a photograph of the only un-weathered
specimen used in this study.
Highly weathered specimens had almost the opposite appearance of un-weathered specimens. These specimens had
rough saw-cut surfaces, had uneven circumferential surfaces, and contained surface pitting. An example of a highly
weathered specimen used in this study is shown in Figure 1
(b). The third specimen category included differentially
weathered specimens. The presence of differential weathering for geotechnical characterization of limestone speci-

(a) Fresh Specimen H3

(b) Highly Weathered Specimen H20

(c) Differentially Weathered Specimen H18
Figure 1. Photographs of Fresh, Highly Weathered, and
Differentially Weathered Specimens
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Thermal Characterization
The first characterization activity conducted was the nondestructive thermal characterization. Specimens were initially heated to 200 degrees Celsius for 24 hours in a standard laboratory oven. After 24 hours, the specimens were
removed from the oven, placed on a laboratory bench, and
allowed to cool in a room-temperature laboratory. During
cooling, the thermal decay was monitored for 45 minutes
using a thermal imaging camera. Thermal images, with a
resolution of 240 x 320 pixels, were captured at a rate of
one image every twelve seconds. Each pixel within the thermal image can be thought of as an individual infrared thermometer. Thermal images from fresh, differentially weathered, and highly weathered specimens are shown in Figures
2(a-c). The thermal image of the fresh specimen was as expected. The specimen was composed of material in a single
weathering state and could be considered somewhat homogeneous. As the specimen cooled, heat loss was highest at
the edges because of exposure to cool temperatures. The
heat signature during cooling was similar to a “bulls-eye”
with the coolest temperatures on the outside and warmest
temperatures in the center. The heat signature from a fresh
specimen is shown in Figure 2(a). The highly weathered
specimen was comprised of a relatively homogeneous material and the same “bulls-eye” heat signature was present.
The relatively large pits on the specimen surface allowed
heat to escape from the interior of the specimen so they appeared as localized hot spots. A thermal image of a highly
weathered specimen is shown in Figure 2(b).
The differentially weathered specimens, which contained
zones of differentially weathered materials, showed a
unique temperature signature. The highly weathered zones
released heat faster than less weathered zones. Specimen
cooling did not take place at a consistent rate throughout the
specimen, which resulted in an irregular heat signature. As
shown in Figure 2(c), the heat signature of the differentially
weathered specimen contained an irregularly shaped
hotspot, which was different than the roughly circular hot
spot shown in the thermal image of the fresh and highly
weathered specimens.

ligible due to the convection heat transfer being much greater than the radiation heat transfer.

(a) Fresh Specimen H3

(b) Highly Weathered Specimen H20

Heat Transfer Model Theory
To assess the thermal characteristics of the specimens, the
lumped capacitance method of Equation (1) was used [17].
This method incorporated the surface area, As, mass density,
ρ, volume, V, specific heat, c, and convection coefficient, h,
of the surrounding environment on the solid. The lumped
capacitance method assumes the solid was at a uniform temperature throughout and that radiation heat transfer was neg-

(c) Differentially Weathered Specimen H18
Figure 2. Video Capture of Thermal Images for Fresh, Highly
Weathered, and Differentially Weathered Specimens during
Cooling
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Substitution of dT = d(T–T∞) into Equation (1), followed
by rearrangement and integration, resulted in Equation (2).
Taking the exponential of both sides of Equation (2) and
subsequent rearrangement, resulted in Equation (3). Defining θ from Equation (4) as the dimensionless temperature
response, and τ from Equation (5) as the thermal time constant, and substitution of those equations into Equation (3),
resulted in Equation (6). The thermal time constant is a
measure of how fast the temperature of an object reacts to
its thermal environment. A solid with a larger thermal time
constant, τ, will take longer to reach thermal equilibrium
than a solid with a smaller thermal time constant.
dT
dt
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cause the specimens were removed from the oven in order
to record the thermal decay. The fresh specimen should
have the highest starting temperature and the highly weathered specimen should have the lowest starting temperature.
Unfortunately, the time it took to remove the specimens
from the oven and center them beneath the thermal camera,
focus the camera, and begin recording was not the same.

(3)
(4)
(a) Thermal Decay Profiles for all Specimens

(5)

hAs

  t   e t /

(6)

The validity of the lumped capacitance model occurs
when the dimensionless Biot, Bi, number given in Equation
(7) is less than 0.1 [17]. The Biot number is the ratio of the
resistance to conduction heat transfer to the resistance of
convection heat transfer. When Bi << 1, the resistance to
conduction heat transfer across the solid is much less than
the resistance to convection heat transfer at the fluid boundary. The investigated solid can then be assumed to be at a
uniform temperature at each time instance.
Bi 

Rcond L / k

Rconv 1/ h

(7)

(b) Thermal Decay Profiles for Select Specimens

Results

Figure 3. Thermal Decay Profiles

Figure 3 shows the thermal decay profile of the center
pixel for all ten specimens. All thermal decay profiles exhibited the expected exponential decay of temperature with
time. Looking closely at the thermal decay profiles for the
selected fresh specimen, H3, the differentially weathered
specimen, H18, and the highly weathered specimen, H20,
several interesting observations were made. The temperature at time zero (y-intercept) was misleading. The time
zero temperature must be less than 200 degrees Celsius be-

The rate of thermal decay was as expected. The highly
weathered specimen lost heat at the fastest rate and had the
lowest temperature at the end of the measurement time. The
fresh specimen lost heat at the slowest rate and had the
highest temperature at the end of the measurement time.
The heat loss rate and end temperature of the differentially
weathered specimen was between the fresh and highly
weathered specimens. The differences in the decay profiles
indicated that further investigation was warranted.
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The heat transfer model of Equation (6) was fitted to the
temperature response of Equation (4) during cooling of each
pixel using non-linear least squares to iterate for the thermal
time constant, τ, of each pixel. Figure 4 shows the center
pixel’s dimensionless temperature profile and the fitted heat
transfer model curve. The curve fit of the heat transfer model represented the collected temperature data well. It should
be noted that the Biot number for each specimen, as a
whole, was approximately 0.6, but the Biot number for each
pixel was approximately 0.005. Therefore, the lumped capacitance method was only valid for each pixel, since the Bi
< 0.1.

(a) Fresh Specimen H3

Figure 4. Heat Transfer Model and Temperature Profile for
Specimen H20

Figure 5 shows a series of contour plots of the thermal
time constants computed for each pixel of the fresh specimen, H3, the differentially weathered specimen, H18, and
the highly weathered specimen, H20. To remove the influence of the pixel locations outside the specimen, the average
and standard deviation of the thermal time constant was
calculated only from the thermal time constants with values
below 3000 s. Any pixel location with a thermal time constant less than or greater than three standard deviations from
the average thermal time constant of that specimen was given a thermal time constant of zero. The highly weathered
specimen had the lowest thermal time constants and the
fresh specimen had the highest thermal time constants. Visually, the differentially weathered specimen had thermal
time constants between the fresh and highly weathered
specimens.
The frequency distribution of the thermal time constants
for each specimen were analyzed using histograms. Figure 6
shows the frequency distribution of thermal time constants
for specimens H3, H18, and H20. The summation of all the
frequencies did not result in 100%, because the pixels outside the rock specimen were removed from the figure.

(b) Differentially Weathered Specimen H18

(c) Highly Weathered Specimen H20
Figure 5. Contour Plot of Thermal Time Constants from the
Heat Transfer Model
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The figure shows that the thermal time constants ranged
from ~1500-1800 seconds, 2000-2600 seconds, and 23003000 seconds for specimens H20, H18, and H3, respectively. There was overlap within the ranges of thermal time
constants. The most frequent thermal time constant was
highest for the fresh specimen and lowest for the highly
weathered specimen. The histograms showed that the smallest range of thermal time constants was for the highly
weathered specimen, which indicated that it was composed
of the most homogeneous material.

A lower thermal time constant should indicate greater
porosity and, therefore, greater weathering. Table 1 shows
the number of analyzed pixels, the average, standard deviation, and coefficient of variation (CV) for thermal time constants calculated from the frequency distribution for each
specimen. The order of the least to the most weathered specimens, as indicated by the average thermal time constants
from the heat transfer model, was H20, H13, H19, H15, H7,
H18, H14, H5, H2, and H3. As expected, and shown in Table 1, the specimens with a lower average thermal time constant had a higher CV. It should be expected that specimens
with greater weathering should have a larger range of thermal time constants over the surface of the specimen.
Table 1. Heat Transfer Model Data

(a) Fresh Specimen (H3)

(b) Differentially Weathered Specimen H18

Thermal time constant
Weathering
Number
Specimen
Average
Std. Dev.
CV
classification
of pixels
(s)
(s)
(%)
Fresh
H3
40245
2679
163
6.1
H2
40318
2396
136
5.7
H5
37865
2363
162
6.8
Differentially
weathered
H14
40277
2358
127
5.4
H18
37614
2337
173
7.4
H7
40374
2135
184
8.6
H13
34101
1962
168
8.6
Highly
H15
37987
2125
175
8.3
weathered
H19
37432
2076
177
8.5
H20
35154
1793
235
13.1

Since every pixel in the thermal image provided data to
the average thermal time constant calculation, descriptive
statistics provided some added benefit for characterizing
weathered limestone specimens. For the limited data set,
there was no overlap between the coefficient of variation
(COV) of the thermal time constant for highly weathered
specimens and differentially weathered specimens. The average coefficient of variation for the highly weathered specimens was 9.4 and the average coefficient of variation for
the differentially weathered specimens was 6.3. However,
there was overlap between the coefficient of variation of the
thermal time constant values for fresh and differentially
weathered specimens. There was also overlap between all
three categories of specimens if the standard deviation of
the thermal time constant values were used.

Split Tension Characterization
(c) Highly Weathered Specimen H20
Figure 6. Frequency of Thermal Time Constants from the Heat
Transfer Model

Since thermal characterization to assess weathering states
is a new technique, it was decided to incorporate split tension testing to validate the results. Split tension (Brazilian)
testing is a common characterization test in Florida, because
drilled shaft design in limestone requires both unconfined
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compression testing and split tension testing. Split tension
characterization consists not only of tensile strength assessment but also qualitative assessment of failure modes. Tensile strength is a function of weathering. The greater the
degree of weathering, the lower the tensile strength. The
reduction in strength can be attributed to the effects of
weathering, most notably the increase in porosity. The split
tensile strength of a specimen was calculated using Equation (8):
t 

0.636 P
 MPa 
Dt

(8)

where, P is the load at failure, N; D is the diameter of the
specimen (mm); and, t is the thickness of the specimen
measured at the center [15].
The tensile strengths of the specimens are presented in
Table 2. As expected, there was some overlap within the
tensile strength values between the highly weathered and
differentially weathered specimens. One issue with using
only tensile strength as an indicator of weathering is that
there is often overlap in strength values between weathering
states. As demonstrated in Table 2, there was overlap between the tensile strength of highly weathered specimens
and differentially weathered specimens.
Table 2. Unit Weight and Tensile Strength of Specimens
Weathering
Classification
Fresh
Differentially
Weathered

Highly
weathered

Specimen

Unit weight
(kN/m3)

H3
H2
H5
H14
H18
H7
H13
H15
H19
H20

22.74
21.43
21.56
21.82
21.31
17.68
17.65
19.06
16.75
17.89

Tensile
strength
(MPa)
4.61
2.53
1.44
2.62
1.25
1.07
0.40
1.24
0.08
1.56

The failure mode (or fracture pattern) exhibited in specimens tested under split tension conditions can provide insight into the internal structure of the specimen. For a nonstructured (massive or isotropic) specimen, the typical failure mode of a split tensile strength specimen [18] is shown
in Figure 7. Plastic wedges at the top and bottom of the
specimen are the first macroscopic features to develop. Subsequently a tensile fracture develops [19]. Using the terminology presented by Tavallali and Verboort [20], this type
of fracture is termed a central fracture if it is contained within 10% of the diameter on both sides of the vertical centerline of the specimen.

Figure 7. Typical Failure Mode for an Isotropic Specimen
under Split Tension Conditions

For transversely isotropic specimens, such as layered sedimentary rock or foliated metamorphic rock, the tensile
strength and failure mode depends on both of the structures
within the specimen and their orientation with respect to the
applied load. Recent studies on layered sandstone have
demonstrated that specimens tested with layering perpendicular to the applied load have the highest tensile strength, and
specimens tested with layering parallel to the applied load
have the lowest tensile strength. Specimen tensile strengths
decreased as layering orientation deviated from perpendicular towards parallel [20], [21].
Recent research has also shown that both the orientation
of layering and the number of layers in the specimen influence the failure mode. Tavallali and Verboort [20] identified
three distinct failure modes: layer activation (fracture occurs
along the interface between layers), central fracture
(previously described), and non-central fracture (fractures
occurring outside the 10% diameter and not classified as
layer activation fractures). They also noted that two or three
fracture types occurred in the same test. Researchers have
noted that when the failure mode deviates from the typical
failure mode (see Figure 6), the true tensile strength may not
have been achieved [22] and the strength should be considered a failure strength and not necessarily a tensile strength
[20].
Unlike the transversely isotropic specimens tested in the
previous studies, the weathered limestone specimens tested
in this current study were considered to be either homogeneous or zoned. Homogeneous specimens contain a consistent
weathering state throughout the entire specimen. These
specimens were the fresh or highly weathered specimens
and should exhibit the classic central fracture associated
with isotropic specimens. The differentially weathered specimens contain zones of materials with different weathering
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states and should exhibit layer activation and non-central
fracture failure modes. However, the failure planes exhibited in the transversely isotropic specimens would actually be
failure surfaces, which would follow the interface between
differentially weathered zones. The failure modes for the
specimens are listed in Table 3 and the corresponding images showing the failed specimens is shown in Figure 8. As
expected, the fresh and highly weathered specimens exhibited the classic failure mode of a central fracture. The differentially weathered specimens exhibited a central fracture
with zone activation. With this failure mode, secondary
fractures form along the interface between zones of materials with different weathering states.
Table 3. Failure Modes of Specimens
Weathering
Classification
Fresh

Specimen

Failure mode

H3
H2

H7
H13
H15
H19

Central fracture
Non-central fracture
Central fracture with
zone activation
Central fracture with
zone activation
Central fracture with
zone activation
Central fracture
Central fracture
Central fracture
Central fracture

H20

Central fracture

H5
Differentially
weathered

H14
H18

Highly
weathered

Characterization Results
The most meaningful analysis for the characterization of
the weathered limestone specimens is assessment of split
tensile strength and the thermal time constant, as a function of unit weight (see Figure 9), since unit weight is often
considered one of the best indicators of weathered rock. As
expected, the highly weathered specimens had the lowest
unit weight and the fresh specimen had the highest unit
weight. The unit weights of the differentially weathered
specimens fell between those of the fresh and highly weathered specimens. In terms of tensile strength [see Figure 9
(a)], the specimen with the largest unit weight, H3, had the
largest tensile strength, and the specimen with the smallest
unit weight, H19, had the smallest tensile strength. However, there was considerable overlap between the tensile
strengths of the highly weathered specimens and the differentially weathered specimens. The tensile strength for the
differentially weathered specimens ranged between 2.62 and
1.25 MPa, and the tensile strength for the highly weathered
specimens ranged between 1.56 and 0.08 MPa.

(a) Fresh Specimen (H3) with Central Fracture

(b) Differentially Weathered Specimen (H18) with Central
Fracture and Zone Activation

(c) Weathered Specimen (H20) with Central Fracture
Figure 8. Failure Modes for Specimens

——————————————————————————————————————————————–————
96
INTERNATIONAL JOURNAL OF MODERN ENGINEERING | VOLUME 16, NUMBER 1, FALL/WINTER 2015

——————————————————————————————————————————————–————
Another interesting feature of tensile strength versus unit
weight plot was the maximum tensile strength value. The
dashed linear regression line shown in the plot makes the
maximum tensile strength value appear to be an outlier.
However, based on the failure modes exhibited in the specimens, the highly weathered and fresh specimens provided
the best estimate of the true split tensile strength variation
with unit weight. The differentially weathered specimens,
which had a central fracture with zone activation failure
modes, under-predict the tensile strengths. If the differentially weathered specimen tensile strength data are removed
from the analysis, the R2 value becomes 0.93; however, the
dataset is very limited.

constant value for the highly weathered specimens was
2018.2 seconds. The thermal time constant values for the
differentially weathered specimens were very similar and
the data points were highly clustered and had an average
value of 2363.5 seconds. Importantly, there was no overlap
between the thermal time constant values of the highly
weathered and differentially weathered specimens, which
makes this technique a good candidate for the assessment of
weathering states.
There was a positive linear relationship between the thermal time constant and unit weight. The R2 value (0.77) was
greater than the R2 value for tensile strength as a function of
unit weight (0.62). The thermal time constant was a poor
predictor of tensile strength, as shown in Figure 10. There
was a fairly clear distinction between the thermal time constants and the highly weathered, differentially weathered,
and fresh specimens. However, the high variability in tensile strengths had a significant influence on the relationship
between thermal time constant and tensile strength.

(a) Split Tensile Strength as a Function of Unit Weight

Figure 10. Relationship between Thermal Time Constant and
Tensile Strength

Relevance to Existing Standards

(b) Thermal Time Constant as a Function of Unit Weight
Figure 9. Specimen Properties as a Function of Unit Weight

In terms of the thermal time constant, as a function of
unit weight [see Figure 9(b)], there was considerable scatter
within the highly weathered specimens. Surprisingly, the
specimen with the lowest unit weight did not have the lowest thermal time constant value. The average thermal time

As with any potentially new characterization technique,
relevance to prevailing standards of practice should be
made. Existing standards do exist for the assessment of
weathering states of rock. Perhaps the most widely used
standard is that of the International Society for Rock Mechanics (ISRM) [15]. This assessment is a qualitative visual
description that can be applied to any rock type. The rock
material is described based on the state of alteration/
discoloration/disintegration. Based on the visual description,
the rock material is assessed a weathering grade of I (fresh
rock) through VI (completely weathered residual soil). The
difficulties with using visual descriptions to assess weather-
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ing states have been reported in the literature [3], [4]. ISRM
[15] also recommends using a Schmidt hammer to assess
weathered rock. This test is considered to be nondestructive. However, for weathered limestone specimens
from Florida (Ocala limestone), the Schmidt hammer (L
hammer) proved to be a destructive test. The Schmidt hammer caused significant indentations in the specimens or
cracked the specimens [10].
There are several advantages for using thermal characterization to assess the weathering state of limestone. The test is
truly non-destructive; the specimen is heated and allowed to
cool, which will not affect the engineering properties of the
specimen. The equipment needed to perform the characterization are found in almost every geotechnical/materials testing laboratory. Finally, the results of the thermal characterization are quantitative and not qualitative. With additional
research studies, this technique may become a widely used
assessment tool.

Conclusion
Thermal characterization is a rarely used procedure for
the assessment of weathering in laboratory rock specimens.
Ten specimens were characterized in this current study using temperature decay measurements and split tension testing to assess effects of weathering. The specimens were first
visually categorized into one of three weathering classes:
fresh (un-weathered), differentially weathered, or highly
weathered. The fresh and highly weathered specimens consisted of material of a single weathering state. The differentially weathered specimens contained multiple weathering
states within the same specimen. Thermal characterization
consisted of heating the specimens to 200 degrees Celsius
then recording their cooling using a thermal camera. Using
the lumped capacitance method, the thermal time constant
was determined for each pixel in the image of the cooling
specimen. The fresh specimen had the highest average thermal time constant and the highly weathered specimens had
the lowest average thermal time constant. The differentially
weathered specimens had average thermal time constants
between the fresh and highly weathered specimens.

state. There was a poor relationship between specimen average thermal time constants and split tensile strength, which
was attributed to the highly variable tensile strength values.
Thermal properties have the potential to be a valuable tool
in characterizing the weathering state and potentially the
geotechnical properties of weathered limestone specimens.
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Abstract
The recent, historically warmer summers recorded in several geographic regions has once again brought back the
limelight on global climate change. Climate change is
thought to be caused by greenhouse gases (GHGs), most
notable among them, carbon dioxide (CO2). In most economies, CO2 is generated from the combustion of fossil
fuels—coal, natural gas, and oil. Renewable energy technologies such as wind and solar have been known to be environmentally more benign than their fossil-fuel counterparts.
However, unlike the latter, the former is much more difficult to predict and to quantify for planning purposes. Their
estimations are mostly affected by seasonality, geographic,
and other meteorological factors.
All of these make predicting solar insolation an hour, day,
or week ahead very complex. Traditional modeling techniques such as regression and time series are not robust
enough to handle the complexity and the nonlinearity of the
predictive variables involved in solar resource modeling. In
this paper, the authors introduce Random Forests (RF), an
ensemble technique, as an example of a supervised machine
learning (SML) technique that is capable of incorporating
the complexities and the nonlinearity for predicting solar
resources.

Introduction
Electrical energy systems are very complex and delicate,
because supply normally has to match demand in order to
maintain the stability of the power grid. Most power plants
are of the conventional type: fossil-fueled and nuclear power plants. Fossil-fueled power plants use coal, natural gas,
and oil to generate electrical energy. Such plants are, however, associated with the emission of greenhouse gases,
most notable among them, CO2. Greenhouse gases are
known to effect global climate change, which could lead to
severe weather conditions, coastal flooding, etc. Consequently, policy-makers have been proposing that a certain
amount of renewable energy, solar and wind, be made part
of the electrical energy generation portfolio. One of the biggest challenges of renewable energy resources is predicting

their availability and quantity. They are highly variable and
subject to daily and annual variations and, therefore, can be
difficult to estimate and lead to grid instability. Being able
to predict their availability, especially in a day-ahead energy
market, would be crucial. Traditional forecasting techniques
such as regression, autoregressive integrated moving average (ARIMA), and other time-series models are not robust
enough for predicting renewable energy resources. These
techniques are referred to as data models by Breiman [1].
According to De’arth [2], traditional statistical methods,
while good at explaining data relationships, are relatively
poor predictors. Hence, predicting complex systems are
better done using machine learning (ML) techniques [2].
Evans et al. [3] note that traditional statistical methods have
difficulty in addressing models with complex non-linear
interactions, which also exhibit autocorrelation, nonstationarity, and high dimensionality. Sharma et al. [4] posit
that machine learning techniques give better prediction accuracy than traditional methods. They are of the view that
predicting solar intensity cannot be done accurately using
just a single weather variable.
Several variables have to be incorporated for better prediction to be achieved, thereby increasing the dimensionality and making the predictive model much more complex
[4]. They also note that solar intensity exhibits complex
relationships with weather variables, and that the variables
themselves depict complex relationships among each other.
All of these complexities in predicting solar radiation, therefore necessitate the use of machine learning techniques [4].
Machine learning techniques are suitable for predicting
complex systems, especially where large quantities of data
are available. The methods automatically detect patterns in
the data and then use the discovered pattern to predict future
data [2]. Furthermore, complex relationships and spatial
patterns can be discovered more readily, compared with the
traditional probability data model that assumes normality
[3]. ML techniques, also referred to as algorithmic models,
are much more capable of producing reliable information
about the structure of the relationship between predictor
variables and response variables than data models [1].
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Machine learning techniques may be categorized into two
main groups; supervised and unsupervised techniques [5].
Supervised machine learning (SML) techniques are used in
predictive modeling, where features or attributes or input
variables are mapped onto an output or response variable. If
the output or response variable is categorical (e.g., yes/no,
male/female, etc.) then it is a classification or pattern recognition problem. For an output or response variable that is
continuous (nominal, ordinal, or real-valued) then it is a
regression problem. SML techniques are the most widely
used ML techniques. Unsupervised machine learning
(UML) techniques, on the other hand, are used for information or knowledge discovery. Clustering is a typical example of the UML techniques. The focus of this current
study was on SML techniques.
There are several methods for solving SML problems.
These include neural networks (NN), support vector machines (SVM), ensemble methods (EM) including random
forest (RF) classification and regression, which build a series of trees using a random selection of variables. A review
of the use of ML techniques for predicting renewable energy generation and integration was carried out by Perera et
al. [6]. Artificial neural networks have been used in modeling renewable energy resources such as solar and wind [711]. Yona et al. [12] also compared the performance of different neural networks in predicting short-term solar radiation. A comparison of different forecasting methods for
predicting wind speed was conducted by Jursa [13] and
Sfetsos [14]. Furthermore, SVMs have been used to predict
wind speed [15]. In this current study, discussions were
limited to the EM methods. Since this study was a regression problem, meaning that the output was a continuous
variable, only the ensemble regression methods—
specifically, random forest (RF) and bagged decision trees
(BDT)—were used.

Ensemble Methods
The starting point for discussions on most ensemble
methods are classification and regression trees (CART).
CART is a nonparametric model that can be used on datasets with large numbers of cases and large numbers of
variables. It is also extremely resistant to outliers [3], [16].
It does not assume normality [16] of the underlying distribution and is also not based on user-defined model statements,
unlike ordinary least squares regression and discriminant
analysis. CART can account for non-stationarity, can identify and incorporate complex variable interaction, and is able
to handle high-dimensional data [1], [3], [17]. Unfortunately, CART is also subject to severe over-fit [3], [16], [18];
the final tree may not provide the optimal solution; high
variance and small changes in the data can lead to different

splits, making interpretation unstable; and, interpretation
can be difficult if there exist a collinearity between independent variables.
To address these limitations of CART, ensemble learning
methods—bagging [19], boosting [2], [20], [21], and random forest [22], were developed by Evans et al. [3]. In bagging (bootstrap aggregating), multiple bootstrap samples
were drawn from the original data and some prediction
method was applied to each bootstrap sample; finally, the
results were aggregated in order to obtain the overall prediction [16]. When predicting a numerical outcome, as in regression, averaging is used for aggregation; and, when predicting a class, as in classification, plurality or simple vote
is used. Bootstrap replicates of the learning set used to form
multiple versions by making replicates of bagging can reduce the variance in trees, thereby improving predictions
[19].
Methods such as CART and neural networks are very
unstable and, therefore, should benefit from bagging [16].
Random forest (RF) is a technique developed from CART
and bagging approaches [3]. It is a collection of treestructured weak learners (i.e., have high prediction errors)
that are comprised of identically distributed random vectors,
where each tree contributes to prediction. A random subset
of predictors was selected to determine the split for each
tree of collection. RF is robust to noise, even for a very
large number of independent variables [2], [3], [18], [22].
The number of randomly selected predictors is fixed in RF
and, by injecting randomness, the correlations between the
predictions made by each tree are reduced, leading to a reduction in the variance of the prediction error [2].
The technique allows one to use out-of-bag (OOB) data to
get an unbiased estimate of the model error. Furthermore, it
is easy to calculate a measure of variable importance [22].
In addition, RF is not subject to over-fit [1], [23], albeit caution should be taken to avoid over-correlation or inflation of
the variance of the RF ensemble [3]. Bagging is a special
case of random forest [23], where the number of randomly
sampled predictors is equal to the number of predictors of
the original sample.
In other words, RF uses p1/2 (where p is number of predictors) for classification and p/3 for regression. Thus, when
RF uses p predictors for the analysis then the bagging technique is being used. Boosting is another ensemble technique, which combines the predictions from weak classifiers
such that average predictions create a strong classifier (i.e.,
one with a low prediction error) [2]. This study focused on
bagging (BDT) and random forest (RF) for the ensemble
model prediction.
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Data Preparation and Modeling
The data for modeling came from 5-minute interval, 1year (January 1 – December 31, 2014) solar data acquired
from a weather station in Greensboro, NC, USA (Lat.
36.08° N, Lon. 79.82° W) installed by the authors. A total
of 105,120 datasets of 5-minute data were aggregated into
8760 hourly datasets for training and testing of the model.
The predictor (input) variables included weather data
(temperature: average, minimum, maximum; dew point;
and, relative humidity, RH. In addition, seasonal variables
(month of year; day of month; and, hour of day) were created from the timestamp of the data in order to capture seasonality. The response (target/output) variable was global
solar radiation (GSR in kWh/m2) that were able to be predicted. A separate dataset (January 1 – 4, 2015) that was not
used in the modeling was used in predicting hourly and daily GSR four days ahead.

Figure 2. Variable Selection/Importance

Two different types of ensemble methods—random forests/bagged decision tree (RF/BDT) and bagging techniques
(BDT)—were developed for predicting global solar radiation (GSR). Typical steps for modeling using random forests, as illustrated in Figures 1-4, included:
Step 1: Determine the optimal leaf size to grow on a
tree.
Step 2: Select variables of importance.
Step 3: Determine the optimal number of trees to grow
in the forest.
Step 4: Determine prediction accuracy (as measured by
MSE of OOB test samples).
Step 5: Use the model for prediction.

Figure 1. Optimal Leaf Size

Figure 3. Determining the Number of Trees to Grow

Figure 4. Regularizing the Random Forest Ensemble
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MATLAB Tool was used in modeling the ensembles.
From Figure 1, it can be shown that the optimal leaf size to
grow on a tree in the forest is five. This corresponds to the
curve with the lowest out-of-bag (OOB) mean square error
(MSE). While HrOfDay is deemed much more important
(according to Figure 2), the other variables were also included as being important and, therefore, were kept in the
model. An RF model was developed with the number of
trees varied up to 200 trees in the forest. Regression error
tests were developed using independent test sets, crossvalidation, and out-of-bag (OOB) techniques; refer to Figure 3, as it indicates that beyond 100 trees there were no
improvements in the model’s MSE. Since having more trees
is synonymous with more computational space and time,
finding the optimal number of trees that would not significantly increase the MSE of the model was sought. This
could be done using regularization as an additional modeling option. Based on the regularization of the model, a 5fold, cross-validation, as shown in Figure 4, using no more
than 100 trees, and removing any tree beyond this limit did
not affect the overall MSE of the cross-validated model for
prediction to any significant degree. Therefore, 100 trees
were selected to be grown in the forest.
A feed-forward neural network (FFNN) technique was
developed by Yeboah [24] for predicting solar radiation in
Greensboro, NC. The architecture of the FFNN model was
comprised of a 5-layer neural network, an input layer, three
hidden layers, and an output layer. The input layer (IP) consisted of eight elements, corresponding to the input variables used in the model. The three hidden layers (HLs) were
created with 65 neurons each. The network design, therefore, was an 8-65-65-65-1, which was the optimal model.
The hyperbolic tangent-sigmoid transfer function was used
to convert the output from the input layer to the first HL,
and also from the first to the second, and from the second to
the third HLs. The output of the third HL, which was connected to the output layer, was converted using a linear
transfer function. The Levenberg-Marquardt (LM) algorithm was employed in the backpropagation stage. The results of this FFNN model were used to compare the efficacy
of the BDT and BDT/RF models developed in this study.

illustrate how well each model was able to predict GSR
using the original data (January 1 – December 31, 2014)
that were used in developing the models.

Figure 5. Predicting Global Solar Radiation using the Bagging
Technique (BDT)

Figure 6. Predicting Global Solar Radiation using the Bagged
Decision Tree (BDT)/Random Forest (RF)

Results and Discussion
In this current study, two main algorithmic models were
used to predict the hourly day-ahead global solar radiation,
in kWh.m-2, four days ahead: BDT and RF. A feed-forward
neural network (FFNN) was developed by Yeboah [24] for
predicting global solar radiation at the same geographical
location. The results in this current study were compared
with the FFNN model. Figures 5-7 depict plots of the actual
and the predicted solar energy for each model. These plots

Figure 7. Predicting Global Solar Radiation using the FeedForward Neural Network (FFNN)
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Tables 1-4 illustrate the forecasts of solar energy against
the actual values and the corresponding prediction errors for
each of the models considered in the study. The efficacy of
the models and their prediction accuracy were measured
using MSE (mean square error), RMSE (root mean square
error), and MAE (mean absolute error), and may be expressed mathematically by Equations (1)-(3):
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The plots of the actual and the predicted hourly 4-day
ahead global solar radiation for the BDT, BDT/RF and
FFNN models are shown in Figures 8, 9 and 10, respectively.

0.5
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Yt  Yˆt

(3)

where, N is the forecasting horizon; Y t is the actual GSR
(global solar radiation) at time period t measured at the given geographical location; and, Yˆt is the predicted GSR.

Figure 8. BDT Prediction of Hourly 4-Day-Ahead Solar
Radiation

Table 1 depicts the generalization accuracy of the developed models.
Table 1. Accuracy of the BDT, RF, and FFNN Models
MEASURE

MODEL
BDT

BDT/RF

FFNN

MAE

0.3199

0.2641

0.3235

MSE

0.3935

0.2303

0.3420

RMSE

0.6273

0.4799

0.5848

Based on MSE, MAE, and RMSE, the model with the
best forecasting accuracy was the random forest (RF) model. While the FFNN was slightly better than the bagging
technique (BDT), based on MSE (and certainly RMSE), it
may not be as robust as the ensemble methods when it
comes to predicting ahead of time; that is, when new data
are introduced for prediction, as will be manifested in shortterm prediction.

Figure 9. BDT/RF Prediction of Hourly 4-Day-Ahead Solar
Radiation

Short-Term Prediction of Solar Radiation
The models were used to predict solar radiation (hourly
and average daily) four days ahead, from January 1-4, 2015.
Figures 8-13 depict the plots of the actual and the predicted
solar radiation, for the bagging (BDT), random forest (BDT/
RF) and feed-forward neural network (FFNN) techniques,
respectively.

Figure 10. FFNN Prediction of Hourly 4-Day-Ahead Solar
Radiation
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Figures 11, 12 and 13, depict the actual and the predicted
4-day ahead daily average global solar radiation for the
BDT, BDT/RF and FFNN models, respectively.

The prediction of global solar radiation using the bagging
technique (BDT) is given in Table 2.
Table 2. Prediction of Global Solar Insolation using the
Bagging Technique (BDT)
Day

Actual (kWh.m-2) Forecast (kWh.m-2)

Error (%)

1

35.18

33.386

5.10

2

13.493

32.437

-53.85

3

8.589

10.242

-4.70

4

6.585

15.858

-26.36

Table 3 illustrates the prediction of the global solar radiation using the random forest (BDT/RF) model. The prediction of the global solar radiation using the feed-forward
neural network (FFNN) is depicted in Table 4.
Figure 11. BDT Prediction of 4-Day-Ahead Average Daily
Solar Radiation

Table 3. Prediction of Global Solar Radiation using the Bagged
Decision Tree/Random Forest (BDT/RF)
Day

Actual (kWh.m-2) Forecast (kWh.m-2)

Error (%)

1

35.18

32.096

8.77

2

13.493

23.596

-28.72

3

8.589

10.53

-5.52

4

6.585

13.851

-20.66

Table 4. Prediction of Global Solar Radiation using the FFNN
Day

Figure 12. BDT/RF Prediction of 4-Day-Ahead Average Daily
Solar Radiation

Actual (kWh.m-2) Forecast (kWh.m-2)

Error (%)

1

35.18

28.447

19.14

2

13.493

21.756

-23.49

3

8.589

16.576

-22.70

4

6.585

23.865

-49.12

The prediction errors for the 4-day-ahead hourly GSR, as
measured by MAE, MSE, and RMSE, for each of the models, are given in Table 5. From Table 5, it is quite clear that,
based on MAE, MSE, and RMSE, the ensemble methods—
BDT and BDT/RF—have better prediction accuracy than
the FFNN model.
Table 5. 4-Day Hourly Prediction Errors of the Predictive
Models
MEASURE
Figure 13. FFNN Prediction of 4-Day-Ahead Average Daily
Solar Radiation

MAE
MSE
RMSE

BDT
0.3801
0.6144
0.7838

MODEL
BDT/RF
0.2752
0.2482
0.4982

FFNN
0.6700
1.0094
1.0047
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While the FFNN model seems to have a lower prediction
error, when the prediction data come from the original data
used in developing the model (see Figure 7), its generalization error for the model has never been seen before (see
Figures 10 and 13) and tends to be higher than both the
BDT and BDT/RF models. In other words, the ensemble
methods are better predictors (as depicted in Table 5) than
the FFNN, because of the better generalization errors. Another point to note is that all of the models seemed to predict very well on the first day (or 24-hour period), but their
accuracy deteriorated as the forecasting horizon increased,
with the FFNN model deteriorating much faster than the
BDT and BDT/RF ensemble techniques.
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